Skills That Pay: Subject-Specific Test Scores and Long-Run

Outcomes®

Cameron Conradf Nolan G. Popet George W. Zuo®

Abstract

Using linked administrative data from Maryland, we estimate earnings premiums and postsec-
ondary outcomes associated with K—12 test scores and subscores across subjects and grades.
Math scores—especially in middle school—carry the largest earnings premiums, while math
and English scores similarly predict college enrollment and completion. Educational attain-
ment explains nearly all of the English earnings premium and about half of the math premium.
Subscores reveal substantial within-subject heterogeneity in skills and earnings premiums that
composite scores mask. We further present findings for science and social studies, heterogeneity,

non-linearities, and cross-subject complementarities.
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1 Introduction

Schools cultivate a wide range of academic skills that shape students’ later postsecondary and
labor market trajectories. Standardized test scores sit at the center of how educators, researchers,
and policymakers measure these skills. However, existing evidence offers surprisingly little guid-
ance on how test scores across different subjects and grades translate into long-run educational
attainment and earnings. Even within a given subject, test scores provide only a coarse represen-
tation of students’ underlying skills. For example, a top-line math score may conflate performance
on routine calculations the ability to reason through unfamiliar problems—two skills with distinct
applications in the labor market. Together, these limitations complicate efforts to assess how the
skills emphasized in classrooms (and the measures used to capture them) map to later educational
and labor market outcomes.

This paper uses longitudinal administrative data to link detailed test score data—including
detailed subscore performance—across different subjects and grades to postsecondary outcomes
(e.g., college-going, major choice, college completion) and earnings. We aim to provide accessible
estimates of earnings premiums and postsecondary outcomes associated with test score performance
across a wide variety of grades (from 3rd grade and beyond), subjects (math, English, science,
and social studies), and subject-specific subscores. We envision these estimates serving as inputs
into cost-benefit analyses of educational interventions, aiding the interpretation of test-score-based
treatment effects, and facilitating comparisons across policies that shift achievement in different
subjects or at different points in the schooling lifecycle.

Despite the simplicity of this exercise, we remain unaware of studies that link subject-specific
test performance to long-run outcomes using longitudinal administrative data. Closely related
work by Chetty et al. (2014b) uses administrative data and quasi-experimental variation in teacher
value-added (TVA) to show that higher achievement (via higher quality teachers) raises college
attainment and earnings. Their primary estimates focus on a subject-invariant TVA measure,
leaving open how performance in specific subjects—or specific competencies within subjects—map
to long-run outcomes.! Other related studies rely on survey data limited by small survey samples

and self-reported outcomes.?

In secondary analyses, the authors report subject-specific TVA effects for college quality only.
2Neal and Johnson (1996); Heckman et al. (2006); Lin et al. (2018) use the AFQT from the National Longitudinal



We use data from the Maryland Longitudinal Data System (MLDS) Center, which links K-12
academic records for public school students in Maryland to postsecondary outcomes and earnings.
We begin by conducting descriptive regressions relating core math and English Language Arts
(ELA) test scores, measured every year from grades 3-8, to postsecondary attainment, degree field,
and earnings. We find that a one standard deviation (SD) increase in these test scores corresponds
with increases in average earnings at ages 29-32 of approximately $8,100 (17 percent) for math
and $2,200 (4.5 percent) for ELA. Both math and English Language Arts (ELA) test scores are
predictive of broad educational attainment outcomes (a 7-10 p.p. increase in college enrollment
and BA attainment per SD increase in test scores). Additionally, we find that degree choice aligns
closely with students’ performance on the corresponding subject. For example, math scores are
substantially more predictive of earning a BA in a STEM field (7.7 percentage point/74% increase
in STEM BA attainment for math and a 2.5 percentage point/24% increase for ELA).

We supplement these descriptive regressions with a teacher value-added (TVA) design exploiting
quasi-random teacher assignment to estimate the causal effect of exposure to higher- versus lower-
value-added teachers.> Our quasi-experimental estimates broadly align with our descriptive results.
A one SD increase in teacher value-added raises on-time BA attainment by approximately 0.5 p.p.
for both subjects. The same increase in math teacher value-added increases STEM degree receipt
by 1.3 p.p. and earnings by roughly $184 (0.8 percent), with the latter effect marginally significant.

Beyond our estimates for core math and ELA test scores, we present results for high school sub-
ject exams, heterogeneity by grade and student characteristics, and earnings premiums at different
ages in adulthood. We estimate earnings premiums for high school Algebra ($4,700), English ($841),
Biology ($1,500), and Government ($2,800) test scores. We also find that the math-earnings rela-
tionship is stronger than the ELA-earnings relationship across all demographic subgroups, though
these gaps shrink for students from disadvantaged groups, including low-income students, Black
students, and students at the lower end of the achievement distribution. We further document that
earnings premiums gradually increase as we progress from 3rd grade test scores to 8th grade test

scores. Finally, we show that earnings premiums increase substantially as we progress across three

Survey of Youth (NLSY). Murnane et al. (1995, 2000) use U.S. Department of Education longitudinal surveys. Grogger
and Eide (1995); Dougherty (2003); Deming (2017) use the NLSY. Hanushek et al. (2015) use international survey
data from the Programme for the International Assessment of Adult Competencies (PIAAC).

3Prior research shows teacher value-added estimates represent unbiased estimates of teachers’ causal effects on
student outcomes (Chetty et al., 2014a; Jackson, 2018; Petek and Pope, 2023).



age group bins (22-24, 25-28, and 29-32).

We next use mediation techniques to assess the extent to which the relationship between test
scores and earnings is explained by educational attainment and degree field. For ELA, most of the
relationship between test scores and earnings is explained by educational attainment and degree
field. In contrast, roughly half of the math-earnings relationship remains unexplained by these
mediators. After controlling for these educational factors, a one SD increase in math scores is
associated with an earnings increase of $3,700 (7.7 percent), compared to just $700 (1.5 percent)
for ELA. In short, the earnings premium from higher English achievement can mostly be explained
by higher educational attainment, whereas higher math achievement affects earnings substantially
beyond the postsecondary education channel.

We also decompose top-line test scores into subscores (described in Tables A1 and A2) to capture
finer dimensions of within-subject skills. We find substantial variation in the earnings premiums
across these subscores. For example, the small earnings premium for high school English is almost
entirely driven by the “Writing and Composition” subscore. Broadly, we find suggestive evidence
that more general, cross-cutting skills tend to outperform knowledge-based, subject-specific skills.
These subscore estimates highlight the value of disaggregated assessment data for identifying which
abilities merit greater emphasis in the classroom, since aggregate math and reading scores alone
provide little guidance for instructional priorities.

Finally, we examine nonlinearities and complementarities in the relationship between skills and
outcomes. Earnings premiums rise roughly linearly with test scores, suggesting that incremental
gains in achievement generally translate to steady economic returns. Some educational outcomes,
however, display mild nonlinearities that manifest most clearly at opposite ends of the achievement
distribution. We also find that math and English function as complements for later-stage earnings,

but often as substitutes for earlier outcomes such as course-taking and college entry.

2 Data

We use data from the Maryland Longitudinal Data System (MLDS) Center from 2008 to 2024.
The MLDS Center provides a centralized repository of linked student and workforce data stemming

from a partnership among numerous state and non-profit entities. We use three key datasets: 1) K-



12 data from the Maryland State Department of Education (MSDE), 2) postsecondary data from
the Maryland Higher Education Commission (MHEC) and the National Student Clearinghouse
(NSC), and 3) workforce data from the Maryland Department of Labor Division of Unemployment
Insurance (UI).

The K-12 data from MSDE include information on all students enrolled in Maryland public
schools, including attendance and demographics, assessments, course enrollments, school informa-

4 For postsecondary data, MHEC provides information on all

tion, and high school graduation.
students enrolled in Maryland colleges, while NSC captures out-of-state enrollment for Maryland
public high school graduates. The two sources substantially overlap, and we possess near-complete
coverage of postsecondary outcomes for the cohorts for which these data are available.” The earn-
ings data from the Maryland Division of UI cover wages for individuals who work for Maryland
employers that report to the state UL. We highlight that the UI data do not capture wages for the
following types of employees: federal, military, self-employed, private contractor, or out-of-state.’
Consequently, we cannot distinguish whether an individual with missing earnings was non-employed
versus a non-covered employee.

Analytic Samples. We use three different samples with varying structures depending on exam

type and analytic task.

1. Elementary and middle school (“EMS”) student sample containing all 3rd through 8th grade
students from 2008-2019 with non-missing math and English Language Arts (ELA) test scores.

Math and ELA were assessed annually for these grades and years.”

2. High school (HS) student sample including all students from 2008-2019 with non-missing
Algebra I, English 10, Biology, and U.S. Government end-of-course HS test scores. These are
one-time exams, though some students may retake an exam if they did not pass on their first

attempt. In cases of multiple assessment attempts, we use the score from the first attempt.

“Course enrollment data begin in 2013.

5We are missing information on bachelor’s degree field for less than 0.2 percent of observations, as shown in Table
1.

5In 2023, 5.9 percent of the Maryland workforce was employed in the federal government,(Maryland State
Archives, 2025) compared to 1.8 percent of the U.S. population (BLS, 2025a,b).

"The math and ELA assessments from 2008-2014 were the Maryland School Assessments (MSA), and the assess-
ments from 2015-2019 were assessments designed by the Partnership for Assessment of Readiness for College and
Careers (PARCC). 5th and 8th graders were also assessed in science in 2008-2015 (MSA) and 2018-2019 (Maryland
Integrated Science Assessments, MISA).



Although these are HS-level assessments, some students first take them in middle school,

particularly for Algebra 1.8

3. A teacher value-added (T'VA) student sample. Includes student-year-subject level data for all
Maryland 4th through 8th grade students from 2013-2019 with non-missing math or ELA test
scores. The MLDS course data can be used to link students to their math and ELA classroom
teachers each year. We link our student-year EMS data to course data to construct student-

9 We impose five sample restrictions

year-subject data for the relevant grades and years.
commonly used in the TVA literature (Chetty et al., 2014a; Jackson, 2018; Petek and Pope,
2023): 1) each observation must have non-missing observable covariates for compute TVA
measures, especially lagged own-subject test score; 2) we omit observations when there is
more than one subject area course observed for a student in an academic year; 3) we drop
classrooms with over 40 percent of students identifying as special education (SPED); 4) we

drop classrooms in which the assigned teacher is linked to 200 or more students in an academic

year; 5) we drop classrooms with fewer than 7 students or 40 or more students.

All samples include students enrolled in Maryland regular public schools.'® The EMS and HS
samples also exclude outgoing transfer students who transfer from a Maryland public high school
to a private or out-of-state high school.!!

Key Explanatory Variables. The key explanatory variables are standardized test scores and
standardized GPAs. For the EMS sample, the two main explanatory variables are math and ELA
test scores, both standardized to have a mean of zero and a standard deviation of one. Other
explanatory variables for this sample include annual GPA measures in math, ELA, science, and

social studies (SS), also standardized to have a mean of zero and a standard deviation of one. For

the HS sample, the four main explanatory variables are standardized test scores for Algebra I,

8The Algebra I and English 10 assessments from 2008-2014 were from Maryland’s High School Assessments (HSA)
and the assessments from 2015-2019 were PARCC. The Biology assessment from 2008-17 was HSA and for 2019 was
HS MISA. The U.S. Government exam from 2008-2019 was HSA.

9We focus our TVA analysis on students in the EMS sample, where annual assessments in both math and ELA
allow us to control for prior test scores, a key requirement for the TVA model. In contrast, HS assessments are
administered only once, limiting our ability to implement the same approach.

10We include students enrolled in traditional, charter, and career and technical education schools and exclude
students enrolled in special education, alternative, and other special program schools.

1VWe identify outgoing transfers using exit codes (MSDE, 2020). We include these students in the TVA sample
to construct value-added measures although we are not able to observe long-term outcomes for outgoing transfer
students.



English 10, Biology, and U.S. Government. This sample also includes standardized GPA measures
in the four core subjects, though these GPA measures are cumulative based on grades earned
throughout HS since this sample contains student-level data.

Student Outcomes. Our main outcome variables include measures of educational attainment,
degree field, and earnings. First, we create binary indicators for educational attainment, including
high school graduation within four years, on-time college enrollment, associate of arts (AA) degree

receipt within four years, and bachelor of arts (BA) degree receipt within 6 years.!?

We classify
degree fields using the STEM-designated degree list maintained by the Department of Homeland
Security (DHS, 2023), along with the Classification of Instructional Programs (CIP) codes from
the National Center for Education Statistics (NCES, 2020). Our degree field outcomes include
indicators for BA completion within six years in the following categories: i) STEM; ii) mathematics,
statistics, or computer science; iii) engineering or architecture; iv) life, physical, and environmental
science; v) social science; vi) humanities; vii) health professions; viii) business; and ix) education.'?

For workforce outcomes, our main outcomes are conditional average annual earnings at ages
22-24, 25-28, and 29-32. We create these measures in four steps: i) sum quarterly earnings for
all employers over the calendar year, ii) convert to 2024 dollars using the CPI-U (Minneapolis
Fed, 2025), iii) winsorize at the 99th percentile, and iv) take the average across the ages within
each respective age range. Other workforce outcomes are employment and unconditional earnings.
Employment is defined using a binary indicator for having positive earnings observed in Maryland
UI data in each respective age range. Unconditional earnings measures impute zeros for those who
are missing earnings.

Descriptive Statistics. Table 1 provides summary statistics for both the EMS and HS sam-

ples. Overall, both samples are relatively similar and there is slight positive selection in the samples

12The timing of educational attainment outcomes are measured relative to the first year of observed enrollment in
9th grade in Maryland public schools. Thus high school graduation is within 4 years of 9th grade enrollment, on-time
college enrollment is within 5 years of 9th grade enrollment, etc.

13There is substantial overlap in i) STEM majors and CIP categories ii)-iv). However, some DHS-designated
STEM fields are outside the field categories determined using CIP codes in ii)-iv). Additionally, not all fields in
ii)-iv) are DHS-designated STEM fields. Field categories defined using CIP codes ii)-ix) are defined to be mutually
exclusive categories, although a small percentage of students may earn multiple degrees from different fields. The
CIP major categories are not collectively exhaustive, but do comprise the most common majors.

1 The largest sources of missingness in earnings data are non-employment and out-of-state migration. During the
time period when earnings are measured in our study, the national prime-age employment to population ratio ranged
from 75 to 81 percent (BLS, 2025c). This suggests that up to 25 percent of observations that are missing earnings
are real zeros from non-employment.



due to the exclusion of specialized schools and the restriction to non-missing test scores. One of the
main differences in the samples is that almost 42 percent of observations in the EMS sample are
Free and Reduced-price Meals (FARMS) eligible while only about 36 percent of the HS sample is
FARMS-eligible. Standardized test score means are all above zero. This suggests that conditioning
the EMS sample on non-missing math and ELA test scores and the HS sample on non-missing test
scores in the four core subjects induces some small positive selection in the samples. This sample
restriction also reduces the variance of the test score and GPA variables. There is less evidence
of positive selection on the GPA variables, which may be driven by students with non-missing
test scores sorting into classrooms in which they are graded relative to a more positively selected
group of peers. High school graduation rates are higher in the HS sample, which is likely driven by
the fact that there is less high school dropout among students with non-missing high school test
scores relative to the EMS sample which is conditional on non-missing test scores in earlier grades.
However, BA receipt, STEM BA receipt, and earnings from ages 25-28 and 29-32 are higher in the
EMS sample.

3 Empirical Strategies

We estimate the relationship between test scores and future outcomes in two ways: 1) a series

of descriptive regressions, and 2) a quasi-experimental teacher value-added (TVA) framework.

3.1 Relationships Between Student Performance and Outcomes

Following Bettinger et al. (2013), we estimate the association between each composite test score

and long-run outcomes conditional on other composite test scores and demographic covariates:

K
Yi=a+ Y BSE+7Ci + €, (1)
k=1

Here, Y; is an outcome (e.g. BA receipt or earnings) for student i; Sﬁ is a composite test score
variable for subject k in academic year ¢, standardized in the population to have mean zero and
standard deviation one; Cy; are demographic covariates including indicators for gender, race, gender-

race interactions, FARMS, English-language learner (ELL), special education (SPED), and imputed



values for demographic variables; and e;; is an error term clustered at the student level. 5* estimates
the relationship between a one standard deviation increase in composite test Sﬁ conditional on other

subject tests Sik;_l

and demographic covariates Cj;. Equation (1) can be generalized to include only
one composite test score (K = 1) in univariate models or to include standardized GPA variables in
models that also estimate the conditional relationship between standardized GPA and outcomes.
This specification summarizes how long-run educational attainment and earnings vary with
subject-specific test scores, conditional on observed demographics (and, in some specifications,
GPAs). We interpret the resulting (% estimates as descriptive associations rather than causal effects.
Unobserved determinants of both test performance and later outcomes (e.g., family resources,
school environments, non-cognitive skills) may remain correlated with Sﬁ, so conditioning on the

aforementioned observables does not remove all confounding. We therefore turn next to a TVA

design that leverages quasi-random variation in teacher assignment to estimate causal effects.

3.2 Teacher Value-Added

We follow the TVA framework developed in Chetty et al. (2014a) and used widely in subsequent
work (Jackson, 2018; Petek and Pope, 2023). The approach constructs teacher-specific measures
of achievement gains after residualizing current-year student test scores on a rich set of covariates,
including prior test scores and demographics. We estimate each teacher’s value-added by predicting
the average residual score of their students in a given year using residuals from students taught in
other years. Identification requires that, conditional on controls, teacher assignment is uncorrelated
with unobserved determinants of students’ outcomes.

Our TVA strategy proceeds in three steps. First, we construct subject-specific TVA measures
following Chetty et al. (2014a). Second, we estimate how these TVA measures affect educational
attainment and earnings. Third, we report forecast bias diagnostics to assess the validity of our
research design.

Estimating Test Score TVA. We construct subject-level TVA in two steps: i) residualize
student test scores on a rich set of controls and ii) compute leave-year-out predictions of teacher

effects using residuals from surrounding years. First, we residualize test score Sfjt

by regressing it
on a vector of controls X;j; for student ¢ taught by teacher j in academic year ¢ for subject k. The

control vector includes flexible functions of lagged student achievement, demographic characteris-



tics, and the classroom environment. Specifically, the controls include: i) lags of a cubic polynomial
in students’ math and ELA test scores; ii) lags of a cubic polynomial in class- and grade-level means
of those test scores; iii) the demographic controls used in our descriptive test score model; and iv)
class- and grade-level means of those demographic variables. We interact each of these covariates
with grade fixed effects, and we further include a control for class size.!> We compute residualized

test scores Vf

" via following equation:

I/,;-kjt = SZt - FXijt- (2)

This residualization partials out observed determinants of S¥.,, including prior achievement, de-

ijto
mographics, grade level, and classroom composition. Next, we compute the mean residual across

students by year for each teacher j:

1

—k k

vy = — V. 3
It th ; 7t ( )
where Nj; is the number of students taught by teacher j in year ¢. We then predict test score TVA

in year ¢t with mean teacher test score residuals from surrounding years:

t+a
o= > Pkl A1) 4)
s=t—a

where @ = 6 in our setting. Using data from surrounding years reduces exposure to transitory
unobservables and shocks in year ¢ that could affect both the mean teacher test score residual 17]’%
and test scores in year t. The weights zﬁs, which vary by the number of years before or after ¢, are
chosen to minimize the mean-squared prediction error of 17]’-‘; using residuals from surrounding years

taught by the same teacher:

J t+a
¥ = argmin Z(Dﬁ - Z ¢317]]-€S]l[8 # t])2 (5)
{t—artrral =1 s=t—a

This procedure yields leave-year-out jackknife TVA predictions which allow teacher quality to drift

over time and incorporate Bayesian shrinkage toward the mean (Chetty et al., 2014a).

5When lagged scores in the other subject are missing, we set the other subject lagged score to zero and include
an indicator for missing data in the other subject interacted with controls for lagged own-subject test scores.



Relating TVA to Long-Run Outcomes. We use the leave-year-out TVA measures ﬁjl?t to
estimate how assignment to a higher-TVA teacher relates to long-run educational attainment and
earnings. Our main specification is a multivariate TVA model which includes TVA from multiple

subjects as follows:

K
Y=o+ Z 5kﬁft + ' Xij¢ + mije, (6)
k=1

where Y; is a long-run outcome for student i, ﬁj’?t is our TVA measure for teacher j in academic
year t and subject k, X;;; is the same vector of controls from Equation (2),'6 and mijt is the error
term. We cluster standard errors at the school level. §* is the coefficient of interest and represents
how outcomes vary with a one standard deviation increase in TVA in subject k, holding fixed our
control vector as well as TVA in other subjects. In practice, our main multivariate specification
includes just two TVA measures: math TVA 27 and ELA TVA 7f,. We also report univariate
models with K = 1.

Identification requires that, conditional on Xjj;, students are not systematically sorted to teach-
ers on unobserved determinants of Y;. The primary threat is residual non-random assignment (e.g.,

sorting based on unobserved ability, motivation, or family resources) that remains correlated with

~k
Jt

gests there is little bias in test score TVA estimates (Chetty et al., 2014a; Petek and Pope, 2023,;

even after conditioning on prior achievement and classroom composition. Prior research sug-

Jackson, 2018), but we explore this threat further using forecast bias as a diagnostic.
Estimating Forecast Bias. We follow Chetty et al. (2014a) and estimate the relationship
between residualized test scores v*, and estimated TVA ﬁjl?t:

15t

yfjt = a+ )\ﬁj’?t + &ijt- (7)

Under random assignment of teachers, regressing test score residuals ijt on ﬁft yields a A coefficient

of 1 because ﬁjl?t is the best linear predictor of I/fjt. The amount of forecast bias in test score TVA

The controls include: i) lags of a cubic polynomial in students’ math and ELA test scores; ii) lags of a cubic
polynomial in class- and grade-level means of those test scores; iii) student demographics (gender, race, gender-race
interactions, FARMS, ELL, SPED, and imputed values for missing demographics); and iv) class- and grade-level
means of those demographic variables. All these covariates are interacted with grade fixed effects, and we include a
control for class size. When lagged scores in the other subject are missing, we set the other subject lagged score to
zero and include an indicator for missing data in the other subject interacted with controls for lagged own-subject
test scores.

10



ﬁjkt is B(ﬁﬁ) = 1 — A. The main idea is that the degree of forecast bias can be quantified by the
extent to which students are sorted to teachers on unobservables.

Using our TVA sample, we present estimates of the relationship between estimated test score
TVA and residualized test scores in Appendix Table A3. For math, we find that a one unit increase
in current year test score TVA increases current year test scores by 1.12 standard deviations, with
the confidence interval for the coefficient ranging from 1.06 to 1.17. For ELA, we find that a one
unit increase in current year test score TVA increases current year test scores by 1.1 standard
deviations, with the confidence interval for the coefficient ranging from 1.01 to 1.19. Plugging in
our estimates for A into the forecast bias equation, we find estimates of forecast bias in the range
of -17 to -6 percent for math and -19 to -1 percent for ELA. This implies that our TVA estimates
are downward biased and understate the true variance in teacher quality. The attenuation of our
TVA estimates relative to the true values also implies that using our TVA measures to estimate
impacts on long-term outcomes will lead to bias away from zero in the range of 6 to 17 percent for
math and 1 to 19 percent for ELA. Given this, the magnitudes of the estimates for TVA impacts

on long-term outcomes should be interpreted with caution.

4 Results

We begin by examining how test scores descriptively relate to long-term outcomes (Section 4.1).
We then explore heterogeneity by FARMS status, race, achievement, grade, and age at which we
measure earnings (Section 4.3). Next, we present TVA-based estimates (Section 4.4). We conclude

with robustness checks (Section 4.5).

4.1 How test scores relate to long-term Outcomes

Univariate models: Table 2 reports univariate associations between test scores and outcomes.
In the EMS sample, math and ELA scores relate similarly to educational attainment, with slightly
larger coefficients for math. A one standard deviation (SD) increase in test scores corresponds to
a 6 percentage point (p.p.) increase in on-time high school graduation for math versus 5.2 p.p. for
ELA. A one SD increase in math and reading test scores also translates to a 14 p.p. increase in

on-time college enrollment. For AA attainment within four years, the math coefficient is twice the

11



ELA coefficient (0.6 p.p./8.8 percent vs. 0.3 p.p./4.4 percent). Coefficients for BA receipt within
6 years are only slightly larger for math (17 p.p./53 percent vs. 15 p.p./47 percent). The same
pattern holds for STEM BA receipt within 6 years (9.3 p.p./90 percent vs. 7.3 p.p./70 percent).
Despite similarities for educational attainment, the earnings estimates differ more sharply. A one
SD increase in math test scores corresponds to $9,500 higher earnings at ages 29-32 (20 percent),
compared to about $7,000 (14 percent) for ELA. We also highlight the steep age gradient for
earnings: a 1 SD increase in math scores correlates with about $917 higher annual earnings at ages
22-24, $5,376 at ages 25-28, and $9,500 at ages 29-32.

The HS sample shows similar patterns and also allows us to examine science (Biology) and
social studies (U.S. Government) alongside math (Algebra I) and ELA (10th grade English). One
difference is that our estimates for A A receipt within 4 years are considerably larger in this sample at
roughly 1.5 p.p. (20 percent) for both math and ELA. For age 29-32 earnings, the ELA, science, and
social studies coefficients are all similar in magnitude (each at least $6,200). The math coefficient
is larger ($7,800), but smaller than the math coefficient in the EMS sample and comparatively less
differentiated.

Multivariate models: Table 3 presents multivariate models that include multiple subject
scores simultaneously. In the EMS sample, inclusion of both test scores in the same model at-
tenuates coefficients substantially, but the relationships remain sizeable. Math remains modestly
larger than ELA for most attainment outcomes besides STEM BA receipt. A one SD increase in
test scores corresponds to increases in on-time college enrollment by 9.2 (14 percent) p.p. for math
and 7.9 p.p. (12 percent) for ELA. The coefficients for BA receipt are 12 p.p. (37 percent) for
math and 7.7 p.p. (24 percent) for ELA while the estimates for STEM BA receipt are 7.7 p.p. (74
percent) for math and 2.5 p.p. (24 percent) for ELA. For earnings, the multivariate estimate for
math declines modestly relative to the univariate estimate, while the multivariate estimate for ELA
drops sharply. The math earnings premium at ages 29-32 is roughly four times the ELA premium
($8,100/17 percent vs. $2,200/4.5 percent). The age-earnings gradient remains steep—and notably,
we observe that the ELA earnings premium is negative for ELA at ages 22-24.

For the HS sample, we find that BA receipt increases by 5.9 p.p. for math, 6.4 p.p. for ELA,
3.6 p.p. for science, and 6.9 p.p. for social studies. However, these relative impacts reverse for

STEM BA receipt: a one SD increase in test scores increases STEM BA receipt by 3 p.p. for math,

12



2 p.p. for ELA, 3.7 p.p. for science, and 2 p.p. for SS. Earnings patterns in the HS sample are
similar to those in the EMS sample. Relative to the univariate relationships, math attenuates the
least while ELA decline the most. At ages 29-32, a one SD increase in test scores corresponds to
$4,700 higher earnings for math, $800 for ELA, $1,500 for science, and $2,800 for SS.

GPA vs. test scores: Table 4 adds subject GPAs as additional controls. Grades and test
scores both proxy for subject mastery but capture different dimensions of student performance.
Incorporating subject GPAs alongside test scores therefore helps distinguish between two sources
of association in test-score regressions. In particular, grades are more likely to reflect sustained
performance over the school year across repeated assignments, exams, and teacher evaluations.
Grades, which show up on transcripts, also can directly influence postsecondary trajectories. On the
other hand, test scores reflect exam-specific content mastery, the ability to access knowledge under
time-limited and high-stakes conditions, test-taking skills, and idiosyncratic test-day variation. Test
scores also remove teacher discretion in assigning grades, which might not always align with actual
subject mastery.

Consequently, adding subject GPAs substantially attenuates many of the multivariate test-score
coefficients. For math test scores, on-time high graduation attenuates to 11% of its value in Table
3; college enrollment attenuates to 31%, and BA attainment to 65%. For ELA, the attenuated
coefficients are 19%, 65%, and 51%. These reductions appear similar for the HS sample. We note
that the STEM BA attainment coefficient for math test scores remains approximately the same
even after controlling for grades.

The especially sharp attenuation for on-time high school graduation is consistent with gradua-
tion hinging on transcript-based criteria so that once GPAs enter, test scores add relatively little
additional information. The more moderate attenuation for college enrollment and BA receipt
indicates that test scores retain some distinct association with longer-run attainment, but much
of the relationship operates through the same underlying factors that generate higher grades. The
stability of the math—STEM BA coefficient points to a different mechanism: math test performance
appears to contain information about STEM-relevant competencies that grades may not fully sum-
marize and that matter for persistence in STEM fields. In other words, conditional on grades,
math test scores continue to differentiate students in ways that predict STEM completion, whereas

grades largely subsume the test-score signal for more general attainment outcomes.
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Earnings move in similar directions: in the EMS sample (ages 25-28),'7 the math coefficient
falls from roughly $4,900 to $3,500, whereas the ELA coefficient drops from about $800 to -$900.
In the HS sample (ages 29-32), the corresponding attenuations are $4,700 to $2,900 (math), $800
to $90 (ELA), $1,500 to $1,100 (science), and $2,800 to $2,400 (social studies). These attenuation
patterns suggest that GPAs absorb much of the test-score variation that correlates with later earn-
ings, especially in ELA where the earnings signal appears to operate primarily through sustained
classroom performance. Math attenuates more modestly and remains economically meaningful in
both samples, indicating that math performance on standardized exams captures dimensions of
skill that grades do not fully summarize and that continue to relate to adult earnings.

The GPA coefficients themselves are large, and for broad educational attainment outcomes they
often match or exceed the test-score coefficients once both enter the model. In the EMS sample
for BA receipt, math test scores remain larger than math GPA (7.7 p.p. vs. 2.3 p.p.), while ELA
flips in the other direction (3.9 p.p. vs. 6.0 p.p.). For earnings at ages 25-28, math test scores
similarly remain large relative to math GPA ($3,500 vs. $800) whereas ELA again reverses (-$900
vs. $1,800). The HS patterns largely reinforce this contrast for math and ELA, while providing
additional insights for science and social studies. For BA attainment, test scores fall far behind
grades for both science (-0.6 p.p. vs. 4.1 p.p.) and social studies (2.7 p.p. vs. 7.1 p.p.). The same
pattern holds for science earnings ($1,125 vs. $2,196) but not for social studies earnings ($2,405
vs. $2,280).

BA degree field: Table 5 relates subject test scores to BA degree field within 6 years. Overall,
test scores in a given subject predict degree completion in closely related fields. In the EMS sample,
the difference between math and ELA coefficients is largest for math/statistics/computer science
and engineering/architecture fields while the difference between ELA and math coefficients is largest
for social sciences and humanities fields. We also find that the math coefficient is considerably larger
than the ELA coefficient for science and business fields.

Our results for the HS sample are similar but provide additional support for the link between
test scores and degree fields because we estimate coeflicients for all four core subjects. We find that

among the four test scores, math coefficients are largest for math, engineering, and business fields;

1"We are unable to observe earnings from ages 29-32 in our EMS sample with the inclusion of GPAs in the model
because the course data to compute GPAs first begin in 2013.
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the ELA coefficient is largest for humanities fields; the science coefficient is largest for science fields;
and the social studies coefficient is largest for social science fields. Overall, these findings provide
compelling evidence that students sort into degree fields that match their relative strengths across

subject-specific skills.

4.2 Mediation analysis: How much of the earnings gradient is explained by

educational attainment?

Table 6 examines the extent to which educational attainment and degree field mediate the rela-
tionship between test scores and age 29-32 earnings. Column (1) replicates our baseline multivariate
earnings specification,'® while columns (2) through (4) sequentially add controls for on-time college
enrollment, BA receipt within six years, and major field of study (from Table 5).

These controls substantially attenuate the test score coefficients, especially for ELA. In the EMS
sample, controlling for college enrollment reduces the math and ELA coefficients by 16 percent and
33 percent; adding BA attainment reduces them by 41 percent (math) and 84 percent (ELA); and
including degree field controls yields total attenuation of 54 percent for math and 67 percent for
ELA. Even in the fully controlled specification, a one SD increase in math test scores corresponds
to $3,700 higher earnings at ages 29-32, compared to about $700 for ELA. The same patterns hold
in the HS sample. With all controls included, the coefficients attenuate from $4,700 to $3,000 for
math (36 percent), $830 to -$60 for ELA (107 percent), $1,500 to $550 for science (64 percent), and
$2,800 to $1,200 for SS (56 percent). The estimates in the HS sample suggest that the ELA-earnings
relationship is completely explained by educational pathways, while most of the math-earnings
relationship is not explained by these mechanisms.

Taken together, our mediation results suggest that subject-specific achievement maps to earn-
ings through different channels. For ELA, controlling for college enrollment, degree completion,
and field of study largely eliminates the earnings gradient, suggesting that ELA achievement pri-
marily operates through postsecondary educational attainment. For math, a substantial earnings
association remains even after conditioning on these pathways, suggesting that math scores capture

dimensions of skill that relate to labor market success beyond their role in shaping postsecondary

8The estimates in Table 6, column (1) are nearly identical to those in Table 3, column (8). Minor differences
reflect sample restrictions due to missing degree field data in Table 6.
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trajectories.

4.3 Heterogeneity

Heterogeneity by Socioeconomic Status, Race, and Achievement. Table 7 examines
how the relationship between test scores and outcomes varies by FARMS status, race subgroups,
and student achievement terciles. We focus on on-time college enrollment, BA attainment within
six years, and earnings at ages 29-32.

For college enrollment, the test score coefficients are larger for historically disadvantaged sub-
groups including students who are FARMS, Black, Hispanic, or in the bottom two terciles of
achievement. The achievement results are particularly striking: a one SD increase in math test
scores corresponds to at least a 10 p.p. increase in college enrollment in the bottom two achieve-
ment terciles while the same increase only corresponds to a 3.5 p.p. increase in enrollment in the
top tercile. The coefficients for ELA are at least 9.4 p.p. for the bottom and middle terciles, but
only 2.5 p.p. for top tercile students.

This pattern reverses for BA attainment: coefficients are generally smaller for FARMS, Black,
Hispanic, and bottom achievement tercile students. Across subgroups, test scores therefore predict
college enrollment more strongly for disadvantaged students, but they predict on-time BA com-
pletion more weakly for those same students. One potential interpretation is that lower-achieving
students may be more likely to attend less selective universities, where time to degree has been
noticeably increasing (Bound et al., 2012). A second interpretation is that disadvantaged students—
even those with higher test scores—simply face larger barriers to college completion (Bailey and
Dynarski, 2011). Across terciles, the BA coefficients rise sharply from the bottom to the middle
tercile and then decline somewhat at the top: for math, 4.9 p.p. (bottom), 14.9 p.p. (middle), and
10.2 p.p. (top); for ELA, 2.7 p.p., 10.0 p.p., and 6.0 p.p., respectively.

For earnings from ages 29-32, the heterogeneity combines elements of both patterns. Across
all subgroups, math corresponds to higher earnings than ELA, but the math-ELA gap is smallest
for disadvantaged students. For math, the coefficients for the achievement terciles from lowest to
highest are are $6,000, $9,200, and $8,500, respectively. For ELA, the coefficients for the achieve-
ment terciles from lowest to highest are are $2,400, $2,700, and $1,000, respectively. Table 8 shows

similar patterns in the HS sample: coefficients are relatively larger in the top two achievement
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terciles for math, science, and social studies, while ELA gradients are larger in the bottom two
terciles.

Heterogeneity by Grade and Age of Earnings. Figure 1 shows estimates of the relationship
between test scores and outcomes by grade level. Two broad takeaways stand out. First, the
coefficients gradually increase from grades 3 through 8. The relationship substantially increases
for the high school ELA assessment and decreases for the high school math assessment. Second,
while the math coefficients are typically only modestly larger than the ELA coefficients for high
school graduation, college enrollment, and AA receipt, they are considerably larger than the ELA
coefficients for BA receipt, STEM BA attainment, and earnings from ages 25-28. The math-ELA
gap for attainment and earnings outcomes is especially pronounced for 8th graders. A one SD
increase in 8th grade math test scores corresponds to a 14 p.p. increase in BA attainment, a 10
p-p. increase in STEM BA receipt, and an earnings increase of over $5,000. By contrast, a one SD
increase in 8th grade ELA scores corresponds to a 7.5 p.p. increase in BA attainment, a 1.5 p.p.
increase in STEM BA receipt, and an earnings increase of about $1,000.

Figure 3 relates test scores to earnings by the age at which earnings are measured. Again, two
clear patterns emerge. First, coefficients rise with age: earnings premiums increase when earnings
are measured later in adulthood. Second, math consistently exceeds other subjects almost all
ages when earnings are measured. For our EMS sample, we find that a one SD increase in math
test scores corresponds to over a $2,000 (approximately 10 percent) increase in earnings at age 23
and about a $9,000 (approximately 20 percent) increase in earnings at age 30. In contrast, a one
SD increase in ELA scores is associated with about a $500 (approximately 3 percent) decrease in
earnings at age 23 and almost a $2,500 (approximately 6 percent) increase in earnings at age 30. For
our HS sample, we observe similar patterns, although the coefficients are somewhat smaller, likely
in part because the multivariate model includes test scores for science and SS in addition to math
and ELA. Notably, the coefficients for science and SS are larger than those for ELA, suggesting
that these variables may absorb variation that would otherwise be attributed to ELA in a more
limited model.

In Figure 2, we also plot the relationship between GPAs and outcomes by grade level. Two
patterns stand out. First, GPA gradients are relatively flat across grades, in contrast to the rising

test-score gradients shown in Figure 1. Second, math GPA coefficients are consistently smaller than

17



those for other subjects, reinforcing the finding that math test scores capture much of the relevant
variation in outcomes. By contrast, ELA and social studies GPAs remain large across grades, and
the ELA GPA coefficients appear comparable in magnitude to the corresponding ELA test-score
coefficients. Estimates of the relationship between GPAs and earnings by age are similarly shown
in Figure 4. Here, coefficients appear small across the board, and there is a slight and gradual

increase in earnings coefficients as age increases.

4.4 Teacher value-added effects on long-term outcomes

We complement our descriptive results by estimating causal effects using test score TVA. Table
9 presents these estimates for the TVA sample. Panel A presents univariate models that include a
single TVA measure (math or ELA), while Panel B reports multivariate models that include both
simultaneously.

In the univariate results, test score TVA shows limited impacts on HS graduation, college
enrollment, and AA degree receipt.'® By contrast, a one SD increase in test score TVA increases
BA receipt within four years by about 0.6 p.p. for both math and ELA. These estimates attenuate
substantially for BA receipt within 6 years; the math TVA coefficient decreases substantially while
the ELA TVA estimate remains the same but becomes less precisely estimated. A one SD increase
in math TVA also boosts STEM BA receipt within six years by 1.3 p.p. and leads to a marginally
significant increase in earnings from ages 22-24 of about $160 (0.7 percent). ELA TVA shows no
corresponding effect on STEM BA attainment and an insignificantly negative effect on earnings.

The estimates for the multivariate model follow the same pattern. Becausemath and ELA
TVA are weakly correlated, including both measures leads to only modest attenuation. A one
SD increase in TVA increases BA receipt within four years by about 0.56 p.p. for math and 0.4
p.p. for ELA. The estimates for BA attainment within six years closely mirror the estimates from
the univariate model. For STEM BA receipt, the math TVA estimate is nearly identical to the
univariate estimate while the ELA TVA estimate becomes insignificantly negative. The earnings
estimates are also similar; the math TVA estimate increases to $184 while the ELA TVA coefficient

becomes slightly more negative.

9There is a small, negative, marginally significant coefficient for math TVA on HS graduation, but the decrease
is not economically meaningful at 0.1 p.p.
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Overall, we find some alignment between our descriptive and TVA-based analyses. Math and
ELA TVA have comparable effects on general educational attainment, while math TVA has larger
effects on STEM attainment and earnings. This correspondence supports the interpretation of our
descriptive results when examined through a causal lens. However, two caveats remain. First, the
TVA estimates should be interpreted with caution due to modest forecast bias (Appendix Table
A3). Second, with the exception of math TVA effects on STEM BA attainment, the magnitudes
are small, suggesting that causal effects of test-score gains on long-run outcomes are more limited

than the descriptive associations imply.

4.5 Employment status and unconditional earnings

Thus far, we have focused on earnings conditional on obseved employment as the primary labor
market outcome. We briefly show how two other common labor market measures (employment,
unconditional earnings) lead to issues given the limitations of our data. We define employment as
having positive earnings reported in the Maryland Ul data. Unconditional earnings are calculated
by imputing zero earnings for individuals who are missing Ul earnings data, while conditional
earnings include only those with observed positive earnings.

Table A4 presents estimates for both outcomes, as well as our baseline estimates for conditional
earnings. Because the patterns are similar across age ranges, we focus on earnings measured at ages
29-32. In the EMS sample, a one standard deviation increase in either math or ELA test scores is
associated with a roughly 3 p.p. decrease in employment. This negative association likely reflects
selective out-migration: higher-achieving students are more likely to work outside of Maryland and
therefore to be missing from the Ul data. Similarly, imputing zeros for missing earnings likely
biases unconditional earnings estimates downward. For example, a one SD increase in math scores
corresponds to a $2,800 increase in unconditional earnings but an $8,100 increasThe same pattern
holds for ELA, where a one SD increase predicts a $700 decrease in unconditional earnings but a
$2,200 increase in conditional earnings. Estimates from the HS sample, including coefficients for
science and social studies scores, show similar patterns.

Overall, these findings highlight the importance of conditioning on observed earnings when using
UI data to study the relationship between achievement and labor market outcomes. Unconditional

measures tend to substantially understate the strength of the relationship between test scores and
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earnings, while conditional earnings provide a more accurate measure of this correlation. Recent
research suggests that even conditional earnings may be biased toward zero, if higher-achieving
individuals (who would have higher earnings on average) are more likely to leave the state (Foote

and Stange, 2022).

4.6 Subscore decomposition

To examine heterogeneity in skill content within subjects, we extend our baseline multivariate
test score specification to incorporate subject-specific subscores. We begin from the composite-score
model, which relates a long-run outcome Y; (i.e. earnings and BA within 6 years) to standardized

composite test scores in each subject and the full set of demographic controls:

K
E=a+25k5ﬁ+’/ it + €it, (8)

k=1
where 5’5 denotes the composite score for subject k, standardized to have mean zero and standard
deviation one. The coefficients 5, summarize the conditional association between subject-level test

performance and the outcome, holding performance in other subjects and covariates fixed.

To unpack within-subject skill heterogeneity, we re-estimate this specification one subject at a
time by replacing that subject’s composite score with its full set of standardized subscores, while

leaving all other subjects in composite-score form:

My,
Yi=a+ Z Bemsi™ + Z BeSh 4+ Xt + €t 9)
m=1 £k
where sft’m denotes subscore m within subject k. In these specifications, the coefficients (j ,,
measure how outcomes vary with a one—standard deviation increase in a given subscore, conditional
on the other subscores within the same subject, performance in other subjects, and covariates.
Because subscores within a subject are often strongly correlated, the estimated subscore co-
efficients need not sum to the corresponding composite-score coefficient. Instead, they capture
differences in skill composition within a subject, highlighting which underlying competencies are
most strongly associated with long-run educational and labor market outcomes.

Overall, we find that replacing composite scores with subscores reveals substantial heterogeneity
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in how underlying competencies relate to long-run outcomes. Figures 7 and 8 report subscore
coefficients for BA attainment for the EMS and HS samples separately. In the EMS sample, all five
math subscores load similarly in magnitude whereas ELA shows slightly more differentiation (with
“General Reading Processes” being materially smaller). In the HS Sample, math again loads evenly
across subscores, whereas ELA loads heavily on writing subskills. Science also loads relatively evenly
(except for “Interdependence of Organisms in the Biosphere, which contributes negligibly), and
Social Studies skews heavily toward “U.S. Government Principles” (whereas Economic Principles
appears to matter little).

Figures 5 and 6 show subscore results for earnings. This time around, the math subscores
load much more unevely. “Processes of Mathematics” carries the highest earnings premium in
the EMS sample, whereas “Modeling Real World Situations” tops the list in the HS sample. The
distribution is even more uneven for ELA, especially in the HS sample, where essentially the entire
ELA coefficient is explained by “Writing: Composing”. Science subscores load similarly for earnings
as they do for BA attainment. For social studies, subscores load more evenly for earnings than
they do for BA.

Our subscore decompositions also reveal potential distinctions between the skill content asso-
ciated with BA attainment and that associated with earnings. BA attainment loads on a broader
bundle of competencies within each subject, with many subscores contributing positively and rel-
atively evenly, consistent with degree completion reflecting sustained academic proficiency across
multiple domains. Earnings, by contrast, place greater weight on a narrower set of competencies,
with within-subject associations concentrating in fewer subscores that tend to reflect more transfer-
able or applied skills. Consequently, composite test scores may be blending subskills that primarily
support educational progression with subskills that more directly relate to labor market outcomes.

Consequently, the mapping from academic performance to economic
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4.7 Non-linearities and complementarities

5 Conclusion

A growing body of research has examined how cognitive skills developed in school shape stu-
dents’ long-term economic outcomes.?’ Much of this literature relies on longitudinal survey data
and finds that both general and subject-specific skills, particularly math, are predictive of earn-
ings. However, prior research often uses small samples from survey data, self-reported outcomes,
and limited causal identification strategies. This paper builds on and extends this literature by us-
ing population-level administrative data and quasi-experimental methods to provide new evidence
on the link between specific academic skills and long-term economic outcomes.

Our findings show that both math and ELA test scores predict college attainment, but math
scores are substantially more predictive of STEM degree completion and post-college earnings. We
find that a one SD increase in test scores is associated with an increase in average annual earnings at
ages 29-32 of approximately 17 percent for math and 4.5 percent for ELA. GPA also predicts earn-
ings, potentially reflecting non-cognitive skills like effort and motivation that are not fully captured
by test scores. Patterns across degree fields suggest that students tend to pursue majors aligned
with their strongest academic subjects, consistent with comparative advantage. Mediation analysis
reveals that most of the ELA test-earnings relationship operates through educational attainment
and degree field, while a substantial portion of the math test-earnings link remains unexplained.
Importantly, heterogeneity analyses show that math scores are more predictive of earnings than
ELA scores across all student subgroups. However, compared to their more advantaged peers, his-
torically disadvantaged students exhibit a weaker association between math scores and earnings and
a somewhat stronger association between ELA scores and earnings. Finally, teacher value-added
results corroborate the descriptive findings: math teacher value-added has larger impacts on both
STEM attainment and earnings than ELA value-added.

Taken together, these findings offer novel insights into how different types of academic skills re-

late to long-run economic success. They suggest that policies aiming to promote economic mobility

20Neal and Johnson (1996); Heckman et al. (2006); Lin et al. (2018); Murnane et al. (1995, 2000); Grogger and Eide
(1995); Dougherty (2003); Deming (2017); Hanushek et al. (2015) use longitudinal surveys to study the relationship
between cognitive skills and earnings. Chetty et al. (2014b) uses administrative data and quasi-experimental teacher
value-added methods to estimate impacts on postsecondary and earnings outcomes.
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may have differential effects depending on which skills are targeted and which student subgroups
are served. This underscores the need for a multi-faceted approach to improving outcomes and
reducing inequality. Investing in more rigorous math requirements and instruction may be one
important policy lever (Goodman, 2019). Complementing this with supports such as tutoring and
mentoring for disadvantaged students can further enhance long-term outcomes (Cortes et al., 2015).
Leveraging multiple policy tools will be critical to helping disadvantaged students translate skill
gains into postsecondary and labor market success, thereby reducing inequality and promoting

upward mobility.
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Figures and Tables

Figure 1: Relationship Between Test Scores and Outcomes by Grade
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Mote: HS tests for the relevant subjects include Algebra | and 10th grade English.

Notes: This figure shows estimates for the multivariate relationship between test scores and long-term outcomes by
grade level. We use the EMS sample to construct estimates for grades 3-8 and the HS sample to construct estimates
for HS. The samples are described in Section 2. Outcomes include educational attainment measures and earnings
from ages 25-28. The specification is our main multivariate test score model with demographic controls in Section 3.1,
Equation 1, with only standardized math and ELA test scores as the main explanatory variables. The demographic
controls include indicators for gender, race, gender-race interactions, FARMS, ELL, SPED, and imputed values for
demographic variables. High school graduation is within four years and college enrollment is on-time relative to 9th
grade enrollment. Average annual earnings from ages 25-28 are conditional on having positive observed earnings and
measured in 2024 dollars. Robust 95 percent confidence intervals clustered at the student level are reported.
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Figure 2: Relationship Between GPAs and Outcomes by Grade
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Mote: 6-8 GPAs are annual measures. HS GPAs are cumulative measures.

Notes: This figure shows estimates for the multivariate relationship between GPAs and long-term outcomes by grade
level. We use the EMS sample to construct estimates for grades 6-8 and the HS sample to construct estimates for
HS. The samples are described in Section 2. Outcomes include educational attainment measures and earnings at age
24. The specification is a multivariate GPA model with demographic controls and standardized GPAs in the four
core subjects as the main explanatory variables. GPAs for grades 6-8 are annual measures and GPAs for HS are
cumulative measures. High school graduation is within four years and college enrollment is on-time relative to 9th
grade enrollment. Annual earnings at age 24 are conditional on having positive observed earnings and measured in
2024 dollars. Robust 95 percent confidence intervals clustered at the student level are reported.

29



Figure 3: Relationship Between Test Scores and Earnings by Age
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Mote: HS tests include Algebra |, 10th grade English, Biology, and U.S. Government.

Notes: This figure shows estimates for the multivariate relationship between test scores and earnings by the age when
earnings are measured. Estimates for the EMS sample are shown in the top two sub-figures and estimates for the
HS sample are shown in the bottom two sub-figures. The samples are described in Section 2. Outcomes are annual
earnings at ages 22-30, respectively, conditional on having positive observed earnings. Earnings are measured in 2024
dollars, with the two left sub-figures showing estimates in thousands of 2024 dollars and the two right sub-figures
showing estimates for log earnings. The specification is our main multivariate test score model with demographic
controls in Section 3.1, Equation 1. Robust 95 percent confidence intervals clustered at the student level are reported.
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Figure 4: Relationship Between GPAs and Earnings by Age
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Mote: 6-8 GPAs are annual measures. HS GPAs are cumulative measures.

Notes: This figure shows estimates for the multivariate relationship between GPAs and earnings by the age when
earnings are measured. Estimates for the EMS sample are shown in the top two sub-figures and estimates for the
HS sample are shown in the bottom two sub-figures. The samples are described in Section 2. Outcomes are annual
earnings at ages 22-28, respectively, conditional on having positive observed earnings. Earnings are measured in
2024 dollars, with the two left sub-figures showing estimates for thousands of dollars and the two right sub-figures
showing estimates for log earnings. The specification is a multivariate GPA model with demographic controls and
standardized GPAs in the four core subjects as the main explanatory variables. GPAs for grades 6-8 are annual
measures and GPAs for HS are cumulative measures. Robust 95 percent confidence intervals clustered at the student

level are reported.
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Figure 5: Subscore decomposition for earnings at ages 29-32 (MS Sample)
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Notes: Notes: This figure reports coefficient estimates from multivariate regressions of average annual earnings at
ages 29-32 on subject achievement measures from the Maryland elementary and middle school assessments. Earnings
are measured in 2024 dollars (in thousands) and are conditional on having positive observed earnings; the outcome
mean is shown in the figure. Dark bars report coefficients from the baseline multivariate specification that includes
composite (subject-level) math and ELA test scores. Light bars report coefficients from specifications that replace one
subject’s composite score (math or ELA) with the full set of standardized subscores for that subject, while keeping
the other subject in composite-score form. All test measures are standardized, and all regressions include the full set
of demographic controls used in the main specification.
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Figure 6: Subscore decomposition for earnings at ages 29-32 (H Sample)

Earnings Ages 29-32
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Notes: This figure reports coefficient estimates from multivariate regressions of average annual earnings at ages 29-32
on subject achievement measures from the Maryland high school end-of-course assessments. Earnings are measured
in 2024 dollars (in thousands) and are conditional on having positive observed earnings; the outcome mean is shown
in the figure. Dark bars report coefficients from the baseline multivariate specification that includes composite
(subject-level) test scores in Algebra I, English 10, Biology, and U.S. Government. Light bars report coefficients from
specifications that replace one subject’s composite score with the full set of standardized subscores for that subject,
while keeping the other subjects in composite-score form. All test measures are standardized, and all regressions
include the full set of demographic controls used in the main specification.
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Figure 7: Subscore decomposition for BA attainment in 6 years (MS Sample)
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Notes: This figure reports coefficient estimates from multivariate regressions of bachelor’s degree (BA) receipt within
six years on subject achievement measures from the Maryland elementary and middle school assessments. The
outcome is an indicator, and coefficients are reported in percentage points; the outcome mean is shown in the figure.
Dark bars report coefficients from the baseline multivariate specification that includes composite (subject-level) math
and ELA test scores. Light bars report coefficients from specifications that replace one subject’s composite score
(math or ELA) with the full set of standardized subscores for that subject, while keeping the other subject in
composite-score form. All test measures are standardized, and all regressions include the full set of demographic
controls used in the main specification.
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Figure 8: Subscore decomposition for BA attainment in 6 years (HS Sample)
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Notes: This figure reports coefficient estimates from multivariate regressions of bachelor’s degree (BA) receipt within
six years on subject achievement measures from the Maryland high school end-of-course assessments. The outcome is
an indicator, and coefficients are reported in percentage points; the outcome mean is shown in the figure. Dark bars
report coefficients from the baseline multivariate specification that includes composite (subject-level) test scores in
Algebra I, English 10, Biology, and U.S. Government. Light bars report coefficients from specifications that replace
one subject’s composite score with the full set of standardized subscores for that subject, while keeping the other
subjects in composite-score form. All test measures are standardized, and all regressions include the full set of
demographic controls used in the main specification.
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Table 1: Summary Statistics for EMS and HS Samples

EMS Sample HS Sample
(1) (2) (3) (4) (5) (6)
Mean SD N Mean SD N
Panel A: Demographics
Female 0.497 0.500 3,281,607  0.503 0.500 457,157
FARMS 0.419 0.493 3,281,607  0.364 0.481 457,157
Black 0.342 0.474 3,281,607  0.352 0.477 457,157
Hispanic 0.131 0.337 3,281,607  0.118 0.322 457,157
White 0.416 0.493 3,281,607  0.428 0.495 457,157
Asian 0.062 0.241 3,281,607  0.056 0.230 457,157
Other Race 0.049 0.217 3,281,607  0.047 0.211 457,157
ELL 0.043 0.202 3,281,607  0.036 0.186 457,157
SPED 0.133 0.340 3,281,607  0.127 0.333 457,157
Panel B: Explanatory Variables
Comp Score Math 0.045 0.987 3,281,607  0.076 0.921 457,157
Comp Score ELA 0.009 0.996 3,281,607  0.024 0.955 457,157
Comp Score Sci 0.038 0.972 966,205 0.009 0.953 457,157
Comp Score SS 0.012 0.944 457,157
GPA Math -0.013 0.969 1,025,365  -0.042 0.929 344,181
GPA ELA -0.001 0.964 1,035,480  -0.003 0.916 355,160
GPA Sci 0.001 0.968 1,027,231  -0.026 0.919 333,653
GPA SS 0.005 0.965 1,020,668  0.001 0.910 339,639
Panel C: Outcomes
HS Grad in 4 Yrs 0.874 0.332 3,281,607  0.917 0.275 457,157
Enroll in College 0.642 0.480 2,999,633  0.658 0.474 457,157
Persist in College 0.558 0.497 2,674,895  0.565 0.496 457,157
AA in 2 Yrs 0.025 0.157 2,674,895  0.023 0.151 457,157
AA in 4 Yrs 0.073 0.260 2,025,934  0.076 0.264 427,798
BA in 4 Yrs 0.208 0.406 2,025,934  0.188 0.390 427,798
BA in 6 Yrs 0.318 0.466 1,414,238  0.290 0.454 339,663
STEM BA in 4 Yrs 0.063 0.244 2,025,533  0.055 0.228 427,314
STEM BA in 6 Yrs 0.104 0.305 1,413,813  0.087 0.282 339,101

Employed Ages 22-24  0.829 0.377 1,800,494  0.840 0.367 382,751

Employed Ages 25-28 0.723 0.447 995,098 0.757 0.429 260,277

Employed Ages 20-32  0.602  0.489 152,752  0.646  0.478 124,378

Earnings Ages 22-24 23,138 17,831 1,492,104 23,263 17,617 321,399

Earnings Ages 25-28 36,697 26,399 719,675 35,5628 25,478 197,068

Earnings Ages 20-32 48,249 34,439 91,999 45442 32611 80,362
Notes: Summary statistics are shown for the elementary and middle school (EMS) sample in columns
(1)-(3) and the high school (HS) sample in columns (4)-(6). The samples are described in Section 2.
Composite test score and GPA variables are standardized in the population to have mean zero and
standard deviation one. College enrollment and persistence are “on-time” outcomes relative to the first
observed year of enrollment in 9th grade in Maryland public schools. Employed is an indicator for
having positive observed earnings. Average annual earnings are conditional on having positive observed
earnings and measured in 2024 dollars.

36



0T°0>d 4 ‘60°0>d 4y ‘TO0>d yux

‘[9AS] JUOPNIS 9] R POIIISN[O oIe
SIOLI® pIRPUR]S ISNQOY SIR[[OP Fg(Z Ul POINSBOW PUR STUTUIRS POAISSqO 9A1)ISOd SUTARY UO [RUOIIIPUOD 9I€ SFUTUIRS [RNUUR 9SRIOAY SIRIA XIS UTYIIM OIR
sew009no 1d1eoal ¢ pur ‘sieak Inoj urgm st 9diedsl Yy ‘Just[[0Ius aprIS (1§ 0 SAI}R[SI SUWII}-UO ST JUSWI[[OIUS 939[[00 ‘SIRSA INOJ UM SI Uolyenpeis
[ooyos YSTH ‘se[qerrea orjdeidowop 10j senjea pojndut pue ‘qHJS ‘TTH ‘SINUVA ‘SUOIIORIDIUI 90RI-IOPUSS ‘901 ‘Iopua8d I0J SIO)RIIPUI OPNOUL S[OIJUOD
oryderdowep oy ], ‘uoIssoIdol ojeredos e sjuosardol o[qe) SIY) UT [[90 OB SN, "UOISSOI3aI o[} Ul POPN[OUL 9[(RLIRA 9I0JS }S91 9UO ATUO [[3IM nq ‘T uoryenbryy
‘1°¢ WOTY09G Ul S[0Iju0d orydeISomwap M [9POUW 9I0JS 4$9) UIRU INO UO Paseq SI uolpesyads oy, *(8)-(9) suwmioo ul seseowr sgurures pue (g)-(T)
SUWN[OD Ul SOINSROUI JUSUIUIR))R [RUOIJRONDS SPN[OUL SOUWI0DIN() ‘g UOIJ09G Ul paqLIosep ore sojduwes oy, o[dwres QI oY) I0J SINSAI SMOUS ¢ [oURJ puv
ordures QA o2 I0J SIMNSII SMOYS Y [oURJ "SOWO0DINO ULID}-3UO] PUR SIIOOS 1599 Uoom)oq dIYSUOIIR[OI 9)RLIRATUN ST} I0J SOJRUIIISO SMOT[S S[(RY) ST, 5920\

29€‘08 890°L6T 66£°12¢ TOT‘6€€ £99°6£¢€ 86LLTY  LGTLGF  LGT'LGH N

daatsid [8zgae] [e9z ez [2807] [1062] [96207] [869°] 7216 Ted\ OWO0IN()
€021°0 SHOT 0 LOV0°0 €601°0 9%2T0 ¥810°0 €112°0 ¢690°0 poxenbs-y [py
(9¢1) (99) (L) (9000°0) (80000)  (¥000°0)  (8000°0)  (9000°0)

+4xLG6'0 wxx TOF'F +x5V8G #3%9GL0°0 54418970  44xGCGTO0  454C9LT0 45473900 SS e100g dwo)
Z911°0 L201°0 90%0°0 GGIT'0 ze1T0 €810°0 GL6T0 2990°0 poxenbs-y [py
(621) (¢9) (L) (9000°0) (60000)  (v000°0)  (8000°0)  (9000°0)

*xx6EC’9 A A A k899 #kk7080°0  5xx89ST°0  4x40GT0°0 4400970  4xxG8G0°0 DG 2100G dwoy)
OFIT°0 z660°0 0070°0 TS0T°0 6812°0 ¥810°0 7902°0 1990°0 porenbs-y [py
(ceT) (29) (8¢) (9000°0) (60000)  (v000°0)  (8000°0)  (9000°0)

+%x9€T°9 wxxLTSE wxx ST #35LCL0°0  54%8€9T°0  44xLCTO0  44460LT°0 45468500 V14 91008 dwo))
e AN 7901°0 ¥1Iv0°0 6501°0 L2020 I8T0°0 GE6T°0 1190°0 poxenbs-y [py
(1%1) (0) (o) (9000°0) (60000)  (¥0000)  (8000°0)  (9000°0)

x5k 908 L +xx6G6'F x5 0S8 wxk8LL0°0 554010 5xx0CTO0  44xCVIT'0  45x19G0°0 IR 21008 dwiop)

siduweg SH g [oued

66616 GLI'6TL 0T C67'T CIS'CIF'T  SELTFIF'T  FE6'GT0'C  €£9°666'C  L09'IST'E N

[6%2 ST [269°9¢] [se1e] [2€0T7] [8L1¢7] [82.207] [91%97] [e7.87] UBOJA[ SWOIN()

GZET 0 800T°0 zLe0’0 T0ZT°0 €9€2°0 GG10°0 ze1%0 78L0°0 poxenbs-y [py
(8¢61) (29) (ze) (9000°0) (L0000)  (¥0000)  (G0000)  (¥000°0)

#4260 ++x9CL'E #4566 #3%6CL0°0  54%00GT°0  54xCE00°0  454LLET0  45+E350°0 V14 91008 dwo))
PIST'0 6£1T°0 68€0°0 9e¥1°0 60S2°0 861070 6512°0 9€80°0 poxenbs-y [py
(cL1) (89) (cg) (9000°0) (£0000)  (v000'0)  (90000)  (¥000°0)

+xx005°6 wxx9LE°G sl 16 w5k L8600 5xx069T°0  5xxF900°0  4449EFT0  45x1090°0  YIRIN 21008 dwiop)

sdwreg SINH 'V [oued

CE-6C UIRH  §7-Gg WIRH  Fg-g¢ U Ve INALS vd vV [[o1ug perH SH

(8) (L) (9) () (¥) (€) () (1)

mwgﬁg.ﬁmm pue juomwuIle}}y [BUOLIEINDPH PUR SIaI00G 1S9, Uoomiayg QMQwQOE@ﬁ@m 9)RLIRATIU() 7 9[R],

37



0T°0>d 4 ‘G0°0>d 4y ‘TO0>D yyex

"[PAS] JUSPNYS Y[ I8 POIISNO Sl SIOLID PIRPUR)S ISNCOY "SIR[[OP FZ(g Ul Painsestl pue sSUILILd PIAISSO 9A1Isod SUIARY UO [RUOIIIPUOD

orIe sSurures [enuue 9SeI9AY 'SIBA XIS UIYHIM 9Ie sowoojno 1dredsl y¢ pue ‘siead moj urgim st 4diedsl Yy ‘JusW[[oIus opels [31G 0} SAIJe[oI SWII)-UO
SI JUOWI[[OIUS 989[[0D ‘SIBOA INOJ UIYIIM SI Uoljenpels [ooyods YSIH ‘uolsseidar ojeredos e sjussordel oued & Ul UWN[OD Yded OS ‘T UOIyenbry ‘1'¢ UOI100g
ur s[o1ju0d O1qdeISOWEp YIIM [9POW SI0DS 1597 SJRLIBAIINWI UTRW INO ST uorpeoyoads oy, *(8)-(9) suwnjoo ur seinsesw sduruies pue (g)-(T) suwmniod
Ul S9INSEaW JUSUWIUTR}JE [BUOIIBONPS SPNOUL SOWOII() ‘g UOII9G Ul Paqriosep ore sojdures oy [, -o[dures Qi oY) IoJ S}MSaI SMOys g [oued pue oajdures
SING 9U3} I0J SHNSAI SMOUS Y [oURJ "SOWIOINO WLIO}-SUO] PUR SOI00S 159} Uoam1aq dIYSUOI)e[al 9)RLIBAI}[NUL Y} IOJ SOJRUIIISO SMOYS d[qe} SIYJ, :SIION

29¢°08 890°26T 66£1CE TOT'6€€ €99°6£€ 86.L°LTY LGT'LGY LGT'LG¥ N
laasd [8zg‘ce] [e9zc] 280°] [1062] [96207] [869°] [FL167] UBOJA[ SWODIN()
6TET°0 0ZT1°0 61700 6821°0 208z 0 z610°0 8F€Z°0 92L0°0 porenbs-y (py
(881) (€6) (c9) (L000°0) (110000)  (9000°0)  (2100°0)  (0100°0)
wxxL8L'T #xkCG8'T sxk LBE #5k6020°0  55x8690°0  5xx€C00°0  5xxlFLO°0  55x0LT00 S§ 01008 dwo))
(¥91) (68) (€9) (8000°0) (110000)  (9000°0)  (2100°0)  (6000°0)
okl TGT oxk6GT T wxk IV w5k0LE0°0 45k T9E0°0  55xEF00°0  544ECE0°0  54xFSTO0 g 2100g dwop)
(181) (06) §29) (8000°0) (r100°0)  (90000)  (11000)  (6000°0)
ok 1V8 +x£69€ k0T L wxklB10°0 55k CPI00  55xG900°0  55%8990°0  5#x0020°0 V14 91008 dwo))
(7L1) (88) (19) (L000°0) (01000)  (90000)  (1100°0)  (8000°0)
+4£9L9F ++x€L8'T #4016 #4£66C0°0  54xL8G0°0  54xFC00°0  54xFLE0°0  54xG9T0O°0  UIBIN 01008 dwrop)
siduweg SH g [oued
66616 GLI'6TL V0T C67'T CIS'CIF'T  SELTFIFT  FE6'GT0'C  €£9°666'C  L09'I8T'E N
asd [269°9¢] [se1e] [2e0T7] [8L1¢7] [82.207] [91%9°] [e7.87] Ued\ OW0IN()
0€GT°0 ZrIT0 L6€0°0 99¥71°0 0€£92°0 861070 €220 LG80°0 porenbs-y (py
(e81) (99) (¥¢) (9000°0) (80000)  (v000°0)  (900000)  (¥000°0)
+4xL91°T +4xGLL #4891 #4k€G20°0  544€L2L0°0  4xsFT000"  54xT6L0°0  54xLETO0 V14 01008 dwo))
(L0Z) (¥2) (8¢) (9000°0) (80000)  (v000°0)  (900000)  (¥000°0)

+xx960'S *xxVL8'F x5 ET7°T w35 1220°0  554E8TT'0  5x%£200°0  5x%CC60°0  5xx9¥F0°0 [JeI\ 21008 duioy)
ojdureg SINH *V [oued

CE-6C WIRY  87-Gg W  $g-g¢ U Ve INALS vd vV [rorug pein) SH
(8) (L) (9) () (¥) (€) (¢) (1)

sururer] pue JUOWUTR})Y [EUOIYRINPSF] PUR S9100Q 1S9, Woomiag] AIYsUOIje[oy] 9JRIIRATININ ¢ 9[RBT,

38



0T°0>d 4 ‘G0°0>d 4y ‘TO0>A yyy [9AS] JUOPNYS OY) Y€ PAISISND OIR SIOLID PICPURIS JSNCOY 970N

VEL L 7L 10T €6L°G1¢ G16°90% 176°00¢  G86°16C  OLV'61¢  OL¥'61E N
[c¥0°cg] [288°L€] [979°¢cz] [co1T] [seee’] (88207] [2989°] [e¥¢6] U\ AWM
€10Z°0 zTero 18€0°0 ISST0 8TLE0 ¢ez0'0 820€°0 G660°0 poxenbs-y [py
(09%) (8¢1) (L) (0100°0)  (9100°0)  (0T00°0)  (9100°0)  (T100°0)
+xx08C'C #xx66E T 6. #kkCET00 4k ITL00 5xxG8T0°0 s5x70L0°0 5480070 SS vdD
(8¥¥) (ce1) (€2) (0100°0)  (9100°0)  (0T000)  (S100°0)  (0100°0)
+xx961°C B il sk lLE w3k TVC0°0 k60700 55%EC00°0 55487200 544280070 DS VdD
(86%) (¢P1) (92) (1100°0)  (9100°0)  (0100°0)  (9100°0)  (1100°0)
w4 1CTT +4x6EET +xx68€ w5xCCC0°0 k16010 54%60T0°0 554CL80°0  444CTE0°0 VT4 VdD
(cer) (0€1) (69) (0100°0)  (¢100°0)  (60000)  (¥100°0)  (6000°0)
sk LTGT w4k G08'T +xx0TG wxxEGT0°0  4xx89€0°0 55x8G00°0~ 5448G00°0 70000 reN vdD
(€09) (ze1) (02) (0100°0)  (£100°0)  (80000)  (¥100°0)  (1100°0)
+xxG07'C +xx078 AR #x%xG900°0  4xxTLC0°0  %xGT00°0- %xx6L70°0 %xx0¥10°0 SS 2100g duo))
(18¢) (6£1) (69) (1100°0) (€100°0)  (8000°0)  (€100°0)  (0100°0)
«GTT'T 80T~ er #5x09C0°0 555790007 55%€T00°0~ 54x0500°0 GT00°0 G 0100g dwo))
(969) (821) (89) (01000)  (€100°0)  (8000°0)  (€100°0)  (6000°0)
L8 ***mﬂmu %**N%Hnﬁu ***HOH0.0 %**ﬂOM0.0 *wﬁOO.Du %**O@N0.0 90000 4@@ wnoom QEOO
439 (L21) (9) (0100'0)  (€10000)  (80000)  (2100°0)  (6000°0)
+xxL16°C +4x1G0°T +xx 0T 45xG0C0°0  44+GCE00  4ET00°0- 454L6C0°0 54+E£€00°0  UIRIN 91008 dwop)
sjdureg SH g [oued
776°9¢ 6TV 06¢ 10V €71 9ST'EPT  6CF LIV TLO'EL8  TST'8L6 N
[F20‘s¢] [80z¢] [G8TT'] [zheg] [6L207] [1299°] [L768'] UROT\ OUI0}N()
TOTT0 L1€0°0 9eLT°0 €62€°0 98100 L0LT 0 726070 porenbs-y [py
(L£2) (99) (1100°0)  (2100°0)  (20000)  (6000°0)  (9000°0)
***NM%J 6" ***ﬁoﬁo.o ***ﬁwmod ***Nmﬁod ***NN@0.0 ***Oﬂmo.o mw <n~mu
(172) (99) (1100°0)  (2100°0)  (£000°0)  (6000°0)  (9000°0)
+xx6G0°T +xkGGT w548CT0°0  4ssVIPO0 54x9CT0°0 55498700  544EFC0°0 DS VdD
(8¢2) (L9) (1100°0)  (2100°0)  (£000°0)  (6000°0)  (9000°0)
JakBLLT 9T w5xGGT0°0 44466500 54%T800°0 5%+80S0°0 44692070 VT4 VdD
(¥2e) (¥9) (1100°0)  (2100°0)  (2000°0)  (8000°0)  (9000°0)
4k €8 I w5xG8T0°0  +448CC0°0 54%CE00°0 5548920°0 444ELT0°0 eN VdD
(¢ez) (99) (¥100°0) (8100°0)  (8000°0)  (6000°0)  (9000°0)
***Nomu %**Nwﬂnﬂu ***mmH0.0 ***mmmo.o ***wmoo.ou ***HH@0.0 ***vﬂoo.o VId whoom QSOU
(282) (02) (L100°0) (0200°0)  (8000°0)  (6000°0)  (9000°0)
*xxLLV'E +xx LG #+%x%99L0°0  5xx6LL0°0 «xxL600°0~ %xx98C0°0 4xx1S00°0 [je[y 91008 duro))
o[dwreg SINA 'V [Pued
TE6C Uy  Q7-Gg urey  $z-gg uwred  vdg INALS vd VvV [louy  per) SH
(8) (L) (9) (¢) (¥) (€) (2) (1)

SOM02IN() PUR SYJY) PUR S2100G 1S9], Usamiag dIysuorje[oy] 9)RLIBAIYNIN :F S[qR],

39



0T°0>d 4 ‘600> i TO0> s

‘[9A9] JUOPNIS O} e POISISNd

oIe SIOLI® pIlepue)s snqoy ‘UoIssaIdal ojeredos © sjuosordor [oued e Ul UWN]OD Yowa OS ‘T uoljenbr ‘I°¢ UOI}IG UI S[OIJU0D JIYdRISOWOP YIM [OPOUL 9I0JS 501
9)RLIRAI}[NUI UTRML INO ST UOTYedYIdads oY ], ‘7 UOII09S Ul PAQLIISOP I somodjno pue sojdures oy, ‘o[dures G oY) I0j s)Nsal smoys g [oued pue ajdures SN oY1
I0J S)INSOI SMOYS Y [oURJ 'SIRdA XIS UIIIM SOUI0DINO PO 99130p Y PUR S0I00S 1597 Woam1aq dISUOIIR[oI 9JRLIRAIINUI 1]} I0J SOJRUIIISO SMOYS S[([R]) ST, 5920\

T0T'6E¢€ T0T'6€€ T0T'6E€ T0T'6€¢€ T0T'6€¢€ T0T'6€¢€ T0T'6€€ T0T'6€€ TOT'6€¢€ N
62107 [88€0°] [c0z0°] [ce0] [2690] [17¢0°] [20207] (2820°] [2807] RO\ OWODIL()
L8T0°0 L020°0 L¥20°0 80€0°0 6£70°0 v.L70°0 T1%0°0 0670°0 6821°0 poxrenbs-y (py
(€000°0)  (200000)  (£000°0)  (€000°0)  (900000)  (2000°0)  (¥000°0)  ($000°0)  (L000°0)

wxkIT100°0  55£0800°0  552800°0  55x2010°0 5527200 554C800°0  55xSGF00°0 5542000 444602070 SS a100g dwo))
(€000°0)  (#000°0)  (£00000)  (€000°0)  (9000°0)  (200000)  ($000°0)  (2000°0)  (8000°0)

#5x8000°0  55x0700°0" 445 IF00°0 55509000 55%8T00°0"  554E8T00 44560100 44xCL00°0  45x0L€0°0 G 21008 dwop

(€000°0)  (c0000)  (#000°0)  (g00000)  (200000)  (%000'0)  (¥0000)  (G000°0)  (8000°0)
#4%C000°0  544T1G00°0  5449€00°0  554CGT0°0  54xL8T0°0 54482000  5546€00°0  55x£900°0  45xL610°0 VT 21008 dwop

(€000°0)  (c000°0)  (g00000)  (F000°0)  (9000°0)  (¢0000)  (S0000)  (S000°0)  (L000°0)
#4£0700°0  544SG7T0°0  554E£€00°0 70000 5419000 55489000  5x4ECT0°0  5x4G0T0°0  4x46620°0 U\ o100g dwo)
sidweg SH g [oued

CISCTIPF'T QIS CIPFT SIS CIFT  CISCIFT  CISCIF'T  CISCIFT  CISCIFT SIS CIFT  CISCIFT N
[9,107] [€1707] [L2207] [29€0°] [7207] [16€0°] [75207] [L7€07] [2601°] RS SUWONN()
GL10°0 615070 162070 GL30°0 GZv0°0 TLY00 L6%0°0 20900 99%1°0 porenbs-y [py

(z000'0)  (F0000)  (£00000)  (#00000)  (200000)  (#000°0)  (£00000)  (£000°0)  (9000°0)
w352000°0  54xGE00°0  55xLV00°0  554C6T0°0  5549220°0  5546€T0°0 5509000 55507000  55xESTO0 VT4 91008 duio))

(€000°0)  (#000°0)  (£000°0)  (F000°0)  (¢00000)  (F000'0)  (¥0000)  (¥000°0)  (9000°0)
#3x8200°0  54xFLT00  5%€900°0  5548G00°0  55460T0°0  54x6CT0°0  54xVLT00  54xEGTO0  45x[2L0°0  UIRIN 91008 durop)
wﬁggﬁw mzm_” ",4. ﬁmﬁﬁnﬂ

npy sng Uireoq wmyy DS g Iy SO/s¥els  INALS
208 /18ug /RN
(6) (8) (L) (9) (g) (¥) (€) (2) (1)

PIoL 99189(] pue $0100G 1S9, Uoamjag] AIYsUOIje[oy 9)RIIBATININ G 9[qR],

40



Table 6: Test Scores and Earnings: Mediation Analysis Across Specifi-
cations

(1) (2) (3) (4)
Ctrl Enroll  Ctrl Enroll,
Main Ctrl Enroll & BA BA, & Field

Panel A: EMS Sample

Comp Score Math 8,114%** 6 812%** 4,763%** 3,732%**
(208) (210) (206) (202)
Comp Score ELA 2,152%** ] ,433%** 339* TOO***
(183) (183) (180) (177)
Adj R-squared 0.1531 0.1656 0.2060 0.2362
Outcome Mean [48238] [48238] [48238] [48238]
N 91,881 91,881 91,881 91,881
Panel B: HS Sample
Comp Score Math ~ 4,685%** 4 129%** 3,341 %** 2,988%**
(174) (173) (168) (165)
Comp Score ELA 833 *** 371** -159 -58
(181) (180) (175) (173)
Comp Score Sci 1,524%*%*  1,143%** 678*** 553*H*
(164) (164) (160) (159)
Comp Score SS 2,7T8FF* 2 2 8¥H* 1,246*** 1,228%***
(188) (187) (182) (180)
Adj R-squared 0.1321 0.1434 0.1851 0.2089
Outcome Mean [45425] [45425] [45425] [45425]
N 80,119 80,119 80,119 80,119

Notes: This table shows estimates for the multivariate relationship between test scores and
earnings using different specifications. The earnings outcome is average annual earnings
from ages 29-32 conditional on having positive observed earnings and measured in 2024
dollars. Column (1) shows our main multivariate test score model specification from Section
3.1, Equation 1. Column (2) adds a control for on-time college enrollment, column (3) adds
a control for BA receipt within six years, and column (4) adds controls for the major fields
in Table 5. Panel A shows results for the EMS sample and Panel B shows results for the
HS sample. The samples are described in Section 2. Robust standard errors are clustered
at the student level.

*¥** p<0.01, ** p<0.05, * p<0.10
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Appendix A: Tables and Figures

Table Al: HSA Subscore Descriptions

HSA Test HSA Subscore
Algebra 1 Analyzing Patterns and Functions
Algebra 1 Modeling Real World Situations
Algebra 1 Collecting, Organizing, and Analyzing Data
Algebra 1 Using Data to Make Predictions
English 10 Reading/Literature: Comprehension and Interpretation
English 10 Reading/Literature: Making Connections and Evaluation
English 10 Writing: Composing
English 10 Writing: Language Usage and Conventions
Biology Skills and Processes of Biology
Biology Structure and Function of Biological Molecules
Biology Structure and Function of Cells and Organisms
Biology Inheritance of Traits
Biology Mechanism of Evolutionary Change
Biology Interdependence of Organisms in the Biosphere

U.S. Government U.S. Government Structure, Functions, and Principles
U.S. Government Protecting Rights and Maintaining Order

U.S. Government Systems of Government and U.S. Foreign Policy

U.S. Government Impact of Geography on Governmental Policy

U.S. Government Economic Principles, Institutions, and Processes

Notes: This table shows the subscores for the Maryland High School Assessments (HSA)
(MSDE, 2012).
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Table A2: MSA Subscore Descriptions

MSA Test MSA Subscore
Math Algebra, Patterns, or Functions
Math Geometry and Measurement
Math Statistics and Probability

Math Number and Relationships Computation
Math Processes of Mathematics

ELA General Reading Processes

ELA Informational Reading Processes
ELA Literary Reading Processes
Science Skills and Processes

Science Earth/Space Science

Science Life Science

Science Chemistry

Science Physics

Science Environmental Science

Notes: This table shows the subscores for the Maryland School
Assessments (MSA) (MSDE, 2003, 2016).
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Table A3: Teacher Value-Added Esti-
mates of Forecast Bias

(1) (2)
Math ELA

TVA 1.1153%**  1.0992%**
(0.0281) (0.0448)

Adj R-squared 0.7517 0.7204

N 1,712,724 1,671,687

Notes: This table reports the effect of teacher
value-added (TVA) on current-year student test
scores, serving as a validity check of the TVA identi-
fication strategy. The sample includes student-year
observations from the TVA sample (Section 2) with
non-missing leave-out TVA measures, where TVA
is scaled in student-level test score standard devi-
ations and estimated using data from other years
taught by the same teacher (Section 3.2). Each col-
umn shows the effect of subject-specific TVA on the
corresponding standardized test score. The specifi-
cation follows our main TVA model (Equation 6),
including: i) lags of a cubic polynomial in students’
math and ELA scores; ii) lags of a cubic polynomial
in class- and grade-level means of those scores; iii)
demographic controls (indicators for gender, race,
gender-race interactions, FARMS, ELL, SPED, and
missing demographics); and iv) class- and grade-
level means of these demographic variables. All
controls are interacted with grade fixed effects, and
class size is included. For missing lagged scores in
the non-matching subject, we set the value to zero
and include a missing indicator interacted with the
own-subject lag. Robust standard errors are clus-
tered at the school level.

*H* p<0.01, ** p<0.05, * p<0.10
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Appendix B: Maryland Assessment Background

Policy Overview. The publication of A Nation at Risk in 1983 ushered in an era of ed-
ucation reform that emphasized rigorous curricula and increased use of standardized testing for
accountability. This increased focus on conceptual reasoning and application of knowledge over
rote memorization led to three critical waves of policy change affecting state standardized testing
in Maryland. First, Maryland introduced the Maryland School Performance Assessment Program
(MSPAP) for elementary and middle school students in 1990 and first administered end-of-course
high school assessments (HSA) in 2000. Second, the passage of the federal No Child Left Behind
(NCLB) Act in 2001 required Maryland to develop the Maryland School Assessments (MSA) so
that achievement data could be disaggregated by student subgroups. Third, the Maryland State
Board of Education adopted the Common Core State Standards (CCSS) in 2010, leading to the
implementation of the CCSS-aligned tests from the Partnership for Assessment of Readiness for
College and Careers (PARCC) (MSDE, 2015). Similarly, the state adopted the Next Generation
Science Standards (NGSS) in 2013, leading to the implementation of the NGSS-aligned Maryland
Integrated Science Assessment (MISA) in 2018 (MSDE, 2025).

MSPAP and HSA. Maryland’s focus on rigorous learning standards and corresponding assess-
ment dates to at least 1990 with the introduction of the Maryland School Performance Assessment
Program (MSPAP). This test was given to 3rd, 5th, and 8th grade students to assess competency in
reading, language, writing, math, science, and social studies. To complement the MSPAP, the state
also established the high school assessments (HSA) in the 1990s with the first tests administered in
2000. Students were assessed via high-stakes exams upon completion of their Algebra I, 10th grade
English, Biology, and U.S. Government courses.?’ The HSA tests continued to be administered
through the mid- to late-2010s depending on the subject, while the MSPAP was phased out with
the introduction of the MSA to satisfy the requirements of NCLB (MSDE, 2015).

NCLB and MSA. The passage of the landmark federal No Child Left Behind (NCLB) legis-
lation in 2001 placed greater importance on assessment, data, and accountability in schools nation-
wide. This legislation required states to adopt state-level academic standards and develop aligned
tests. Schools had to assess students annually in reading and math in grades 3-8 and once in high
school. The law also required states to disaggregate test data by student subgroups to provide
greater transparency about educational inequities. This emphasis on assessment and data was
paired with accountability mechanisms. Schools were required to demonstrate Adequate Yearly
Progress (AYP) towards all students achieving proficient levels on their tests, and schools failing to
to hit AYP goals faced accountability measures such as school improvement plans or restructuring
(U.S. Congress, 2001).

21Data, collection from HSA exams includes the overall composite scores and proficiency levels as well as subscores
focused on particular skill areas. Appendix Table Al shows subscores for each of these exams. The Algebra I
exam has 4 subscores (e.g. Analyzing Patterns and Functions), the English 10 exam has 4 subscores (e.g. Reading
and Literature: Comprehension and Interpretation), the Biology exam has 6 subscores (e.g. Skills and Processes of
Biology), and the U.S. Government exam has 5 subscores (e.g. U.S. Government Structure, Functions, and Principles)
(MSDE, 2012).
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In response to the requirements of NCLB, Maryland developed the Maryland School Assess-
ments (MSA) in reading and math. These tests allowed the state to report testing results by
student subgroups. Students in grades 3, 5, and 8 were first assessed in 2003, while those in grades
4, 6, and 7 were first assessed in 2004. The MSA science tests was first administered to students
in grades 5 and 8 in 2007.?2 The HSA assessments first administered in 2000 were also part of the
NCLB-era testing regime given the law’s requirement to test all high school students at least once
(MSDE, 2015).

CCSS, PARCC, and NGSS. In 2010, a multi-state effort the Common Core State Standards
(CCSS) Initiative began with the aim of strengthening the rigor and consistency of state academic
standard nationwide. These standards focused on the knowledge and skills that students should
possess in math and ELA by the end of each grade. Maryland’s State Board of Education adopted
CCSS in 2010 and the state joined the Partnership for Assessment of Readiness for College and
Careers (PARCC) consortium to develop and administer the standards-aligned tests. PARCC
assessments in math and ELA were first given to students in grades 3-8 and high school in 2015
and continued through 2019 (MSDE, 2015).%

Continuing the trend of implementing more rigorous standards and tests, the Maryland State
Board of Education also adopted the Next Genereation Science Standards (NGSS) in 2013. Similar
to CCSS, these standard focus more on depth over breadth, conceptual reasoning, and knowledge
application. NGSS focuses on three broad areas that students are expected to master: i) Science
and Engineering Practices, ii) Crosscutting Concepts, and iii) Disciplinary Core Ideas. Following
the adoption of NGSS, Maryland established the NGSS standards-aligned Maryland Integrated
Science Assessments (MISA). MISA was first administered to 5th and 8th grade students in 2018
and replaced the MSA science test while the HS MISA test was first administered to HS students
in 2019 as an end-of-course Biology exam that replaced the HSA Biology test MSDE (2025).

Together, these waves of policy reform reshaped Maryland’s K-12 assessment system over nearly
three decades, expanding both the scope and stakes of standardized testing. The resulting data,
spanning multiple subjects, grade levels, and assessment regimes, form the foundation for our

analysis. We discuss Maryland’s assessment data in more detail in the next Section (2).

22Data, collection from MSA tests includes the overall composite scores and proficiency levels as well as subscores
focused on particular skill areas. Appendix Table A2 shows subscores for each of these tests. The math test has 5
subscores (e.g. Algebra, Patterns, or Functions), the ELA test has 3 subscores (e.g. General Reading Processes), and
the science test has 6 subscores (e.g. Skills and Processes) (MSDE, 2003, 2016).

#The PARCC tests for high school students were for Algebra I and English 10.
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