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Abstract

I study a proficiency-based incentive program that rewards Advanced Placement
(AP) teachers a piece-rate for each student scoring 3 or higher on the standardized
exam. Using student-course-level administrative data and exploiting both within-
and across-teacher variation, I find the program increased the probability that an
AP enrollment results in a score of 3 or higher by 2.4 percentage points. I further
find no evidence of educational triage, as gains were concentrated at the top of the
AP score distribution (4s and 5s). Teacher responses also varied systematically,
indicating that the effectiveness of performance pay depends jointly on incentive
strength and the nature of the task.
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1 INTRODUCTION

Teacher effectiveness is widely recognized as the most important school-based determi-
nant of student achievement and long-term success (Chetty et al., 2014; Hanushek, 2011;
Jackson, 2018). However, the traditional teacher compensation model in the U.S., based
on credentials and experience, poorly correlates with teacher effectiveness and does not
incentivize additional effort (Chingos & West, 2012; Hanushek, 2011). This disconnect
has spurred significant interest in performance-based compensation, rewarding teachers

based on their student achievement (Bleiberg et al., 2025; Imberman, 2015).

Empirical evidence on the efficacy of these programs in the U.S. remains mixed, with
studies mostly finding lack of evidence to rule out a null effect (Bleiberg et al., 2025; Dee
& Wyckoft, 2015; Fryer, 2013; Fryer Jr et al., 2022; Sojourner et al., 2014; Springer et al.,
2016).! While it is debatable precisely why such muted impacts are observed, researchers
commonly cite the complexity of bonus eligibility metrics and the free riding in group-
based schemes among other reasons (Fryer, 2013; Goodman & Turner, 2013; Imberman

& Lovenheim, 2015; Springer et al., 2016).

In this paper, I study a novel incentive program that rewards individual teachers based
on a simple criterion. Beginning in the Academic Year (AY) 2015-16, North Carolina
rewards Advanced Placement (AP) teachers $50 for each student of their class achieving
a score of 3 or higher (out of 5) in the corresponding standardized AP exam, with total

bonuses capped at $3,500 per teacher per academic year.? 3

As theorized in the standard multitask framework detailed in Appendix A, this
proficiency-based, piece-rate design induces educational triage: utility-maximizing teach-
ers allocate greater instructional effort toward students just below the passing threshold,

where marginal returns to effort are highest. In addition, the program’s incentive strength

'In contrast, evidence from less developed countries largely supports the efficacy of incentives; for
example, see Barrera-Osorio and Raju (2017), Behrman et al. (2015), Duflo et al. (2012), Loyalka et al.
(2019), Mbiti et al. (2019), and Muralidharan and Sundararaman (2011).

2For example, an AP Biology teacher would receive $1,000 in bonuses if 20 students from their
class obtain 3 or higher scores in the College Board administered standardized AP Biology exam. A
teacher could earn a maximum bonus of $2,000 during the 2015-16 academic year. Starting in the 2016-
17 academic year, the maximum annual bonus increased to $3,500. To put this into perspective, the
maximum bonus is equivalent to ~7% of the base salary for teachers with 13 years of experience in North
Carolina.

3Throughout this paper, an AP exam score of 3 or higher is considered a passing score, and students
receiving such scores are said to have passed the exam.
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varies systematically across teachers based on baseline class achievement, summarized by
the expected number of passers and non-passers from baseline instructional effort. For
teachers with high baseline class achievement, the marginal incentive to exert additional
effort declines due to diminishing marginal returns to effort and a closer proximity to the

absolute bonus cap.

Testing these predictions requires isolating the bonus effect from potential confounders,
such as teacher heterogeneity, changes in classroom composition, and contemporaneous
shocks. To (attempt to) do so, I employ two complementary identification strategies
using student-course level administrative data from academic year 2012-13 to 2018-19,
spanning periods before and after the introduction of the bonus program in AY 2015-16.
The first approach isolates the bonus effect using a within-teacher model, which compares
the same teacher’s student pass rate before and after the bonus conditional on teacher
fixed effects. To control for non-random student-teacher sorting and changes in classroom
composition, the model additionally includes a comprehensive set of student, grade, and
course fixed effects. The second strategy is a Difference-in-Differences (DD) design built
on the within-teacher model. I exploit the fact that the program’s bonus cap ($3,500)
created a credible control group of unincentivized teachers who had pre-bonus average
number of passers reaching the maximum payout threshold (n = 70), allowing me to
difference out contemporaneous shocks that are common to all AP teachers. To assess
the sensitivity and robustness of the results, I further present estimates from models that

use alternative thresholds (n € {65,75}) to define the control group.

I find robust evidence that the bonus program increased the probability of an AP
enrollment resulting in a passed exam by 2.4 percentage points. I further find that this
increase in pass rate is driven by broad-based improvement in achievement—significantly

more high scores (4 and 5) and fewer low scores.*

As discussed above, the program’s incentive strength varies across teachers depend-
ing on their baseline class characteristics, which I proxy by their respective pre-bonus
average number of passers and non-passers. I find the program had significantly larger

effect among teachers with lower (higher) number of baseline passers (non-passers). And

4In this paper, ‘pass rate’ refers to the fraction of the AP enrollments that result in a score of 3 or
higher in the standardized AP exam. I distinguish this from ‘exam pass rate’ (pass rate among exam
takers), which is defined by the ratio of the number of passed exams to the number of taken exams.
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perhaps more importantly, I document evidence supporting a null effect on unincen-
tivized teachers—those whose baseline number of passers predictably qualified them for

maximum payout.

The effective strength of a financial reward may also depend on the teacher’s marginal
utility of income, suggesting the program’s impact may vary systematically by locale
due to significant spatial variation in teacher compensation. In North Carolina, K-12
teacher compensation is based on a uniform, statewide salary schedule, and local area
salary supplements are substantially higher in city and suburban school districts than in
rural ones.® A fixed-dollar piece-rate, therefore, represents a larger proportional increase
in total compensation for teachers in lower-paying rural districts, providing them with
a stronger marginal incentive. I find empirical evidence consistent with this notion:
the bonus had its largest impact in rural schools, reducing the urban-rural AP credit

achievement gap by one-third.%

This study advances the literature on incentive design and human capital accumu-
lation in several key ways. First, this study provides new evidence on how incentive
strength depends critically on bonus design. In particular, the theoretical predictions,
largely supported by empirical evidence, suggest that an individual piece-rate scheme can
generate marginal incentives that differ sharply from those created by group-based bonus
systems, and may even reverse which teachers face the strongest incentives. Prior work
on school-level, all-or-nothing bonuses finds that incentives are strongest for teachers
whose effort has the greatest influence on the school’s likelihood of meeting the perfor-
mance threshold, generally those teaching a larger share of tested students (Goodman &
Turner, 2013; Imberman & Lovenheim, 2015). By contrast, under the capped piece-rate
scheme I study, marginal incentives weaken for teachers with a large number of baseline

passers because diminishing returns and proximity to the bonus cap mechanically reduce

5This is evident in the data. Using school-district level average teacher salary supplements from North
Carolina Public Schools Statistical Profiles, I find that in 2015 an average teacher salary supplement in
city schools was approximately $4,800 compared to $2,700 in rural schools.

6Similar economic rationale also suggests a stronger response from novice teachers, who have less
than 5 years of experience and face steep returns to experience (Papay & Kraft, 2015; Wiswall, 2013).
I estimate a significant positive bonus effect for novice teachers, but find that the effect does not signif-
icantly diminish for early-career or veteran teachers. Although isolating the pure incentive effect from
potential returns to experience is inherently difficult in this context, the fact that the bonus significantly
motivates teachers across the entire experience spectrum alleviates concerns that the estimated average
effect is primarily driven by novice teacher improvement.
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the payoff to additional effort.

Second, in contrast to prior work, which has largely focused on core tested subjects
such as Math, Reading, and Science, this paper’s policy context provides a unique op-
portunity to examine how the effectiveness of a single incentive scheme varies across
academic disciplines. I find the program’s impact was concentrated in a specific sub-
set of courses, including life sciences (e.g., Biology, Environmental Science) and certain
social sciences (e.g., Microeconomics, World History). I find no statistically significant
effect in many core humanities (e.g., English Literature, U.S. History) or other STEM
subjects (e.g., Calculus, Statistics).” This heterogeneity highlights a non-negligible role

of subject-specific production functions in mediating an incentive’s effects.

Third, it provides new evidence on the behavioral mechanisms of teacher incentives.
Contrary to the common concern that proficiency-based accountability induces educa-
tional triage (Ballou & Springer, 2017; Jacob, 2005; Neal & Schanzenbach, 2010), I find
this proficiency-based incentive program led to broad-based score gains, significantly in-
creasing the probability of students achieving the highest scores (4 and 5). This type of
non-distortionary response, where incentives appear to boost broad-based performance,
has been observed in other contexts, including pay-for-percentile tournaments (Loyalka
et al., 2019) and group-based incentives that improved performance on both high- and
low-stakes exams (Lavy, 2009; Muralidharan & Sundararaman, 2011). A plausible expla-
nation that reconciles the divergence of these observed effects across programs may be the
framing of the incentive: the threat of sanctions in accountability systems may induce a
narrow, loss-avoiding focus on marginal students, whereas the prospect of a pure reward,
as in this context, may encourage a broader improvement in overall instructional quality.
The importance of this “punishment” versus “reward” framing on teacher behavior is

highlighted in field experiments (Fryer Jr et al., 2022; Hossain & List, 2012).%

Fourth, to the best of my knowledge, the evidence that incentive is extinguished

for capped-out teachers provides a new empirical result on how agents respond to an

"For contextual clarity, particularly when discussing heterogeneity, I use the term ‘subject’ to refer
to a specific AP ‘course’ (e.g., AP Calculus AB or AP Biology). Throughout this paper, these terms are
used interchangeably.

8The absence of evidence for triage may also arise from potential difficulty in identifying marginal
students in the AP context. Because AP exams are externally designed and imperfectly aligned with
classroom assessments, teachers may face substantial uncertainty in identifying students near the passing
threshold, reducing the scope for targeted effort.



explicit contractual threshold. With caution, however, this result can be contrasted
with the long-standing debate in the labor supply literature over behavioral responses
to implicit, unobserved income targets (Camerer et al., 1997; Farber, 2005). A key
challenge in that literature is that the income target (among taxi drivers) is unobserved
and must be inferred by the researcher. While the result—that capped out teachers did
not respond to the bonus—does not resolve that specific debate, it lends partial support
toward threshold-based effort reductions when the target is an explicit and observable

feature of an incentive contract.

Finally, this study provides a crucial refinement to the foundational work on Ad-
vanced Placement Incentive Programs (APIP). Examining the effects of Texas APIP,
Jackson (2010) documented large positive effects of locally funded incentives on AP stu-
dent achievement. However, the Texas program provided large, multifaceted financial
rewards to both teachers and students, making it impossible to disentangle the effect
of the teacher incentives from the direct student incentives.” This study sidesteps this
challenge by analyzing a program that rewards teachers exclusively. This unique program

design allows me to isolate the effect of a teacher-only incentive on student AP pass rate.

This paper is organized as follows. Section 2 delineates the policy background. Section
3 provides an intuitive discussion of the theoretical predictions of the teacher effort model
formalized in Appendix A. Section 4 explains the data and provides summary statistics.
Section 5 discusses the empirical strategies and the results. Section 6 discusses limitations

related to external validity and the policy’s cost-effectiveness, and Section 7 concludes.

2 PoLicy BACKGROUND

The North Carolina Advanced Placement teacher bonus program was established by
the General Assembly as a pilot program beginning in the 2015-16 academic year. A year
later the program was made permanent, and under the provisions of the relevant Session

Laws (SL 2016-94 and SL 2017-57), has been rewarding AP teachers $50 bonus for each

9Under the Texas APIP program, not only did students receive exam fee subsidies and bonuses of
$100 to $500 for each passing score, but also teachers earned similar piece-rate bonuses and, in some
cases, substantial salary supplements, ranging from $2,000 to $10,000 (Jackson, 2018). This bundle
of high-powered incentives for both teachers and students differs fundamentally from the teacher-only
piece-rate bonus I analyze.



student in their class achieving a score of 3 or higher on the corresponding AP exam.

The maximum payout to a given teacher per academic year is capped at $3,500.1°

While the program also rewards teachers of other advanced coursework programs,
such as International Baccalaureate (IB) and Cambridge AICE, this paper focuses ex-
clusively on the AP program for two reasons. First, the AP program is by far the most
prevalent advanced coursework option in the state, with significantly higher enrollment
and a broader presence across all school districts. For instance, there were 149,583 enroll-
ments in AP courses compared to 20,140 and 500 enrollments in IB and Cambridge AICE
courses in AY 2016-17, respectively (North Carolina Department of Public Instruction,
2019). Second, while the administrative data I use in this study contain linkable records
for AP course enrollment and exam performance, they do not include equivalent data for

IB or AICE exams during the study period.

Importantly, North Carolina introduced the AP teacher bonus program a year after
the state implemented its universal AP exam fee waivers policy, funding all AP ex-
ams taken by students enrolled in the corresponding AP courses in NC public schools
beginning in AY 2014-15. Additionally, the state formed a partnership with College
Board—the organization that designs AP curriculum and administers the standardized
tests—to provide administrative and professional assistance primarily to a set of low-
performing, target school districts each academic year beginning in AY 2013-14 (North
Carolina Department of Public Instruction, 2014, 2015). While these overlapping policies
constitute major identification threats, in Section 5, I provide additional institutional de-
tails and conduct extensive robustness and sensitivity analyses that circumvent concerns

of contamination.

3 CONCEPTUAL FRAMEWORK

This section outlines the theoretical predictions and associated mechanisms regarding
how the incentive design under consideration affects teacher effort. Appendix A details
the formal model. Intuitively, because the program pays per passing student while im-

posing a maximum payout limit, the marginal incentive to exert additional effort depends

0Tn the initial year of implementation (AY 2015-16), the bonus cap was set at $2,000.
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on a teacher’s baseline number of passers, which determines both the expected reward
and the proximity to the cap. Returns to additional effort also depends on the available
pool of marginal students (the ‘bubble’ window) who can be pushed across the passing
threshold with heightened instruction. Taken together, these forces shape the optimal
allocation of teacher effort and generate clear predictions regarding teacher responses to

the bonus.

1. The cap effect (Proposition 1).— Because effort is costly, teachers whose expected
baseline number of passers meets or exceeds the bonus cap do not face positive

marginal incentives to exert additional effort.

2. Educational triage (Proposition 2).— The piece-rate structure encourages teachers
to allocate higher targeted effort toward students near the passing threshold. Since
rewards depend solely on the number of students crossing a single threshold (i.e.,
a score of 3 or higher), a utility-maximizing teacher will not devote this costly
effort on students who are expected to pass without additional tutoring or to those

unlikely to pass even with substantial additional tutoring.

3. Baseline number of passers and incentive strength (Proposition 4).— The marginal
incentive to exert additional effort decreases with a teacher’s baseline number of
passers. Under standard economic assumptions, teachers with higher baseline face
weaker incentives due to diminishing returns to additional effort and higher likeli-
hood that the bonus cap binds. From another perspective, a high baseline number of
passers may reflect a higher ability composition of students within a teacher’s class,
shifting the achievement distribution upward and reducing the potential density of

students expected to fall just below the passing threshold.

4. Baseline number of non-passers and incentive strength (Proposition 6).— A teacher’s
incentive strength depends not only on their baseline number of passing students
but also on their baseline number of non-passing students. Under a standard mono-
tonicity assumption, a larger baseline pool of non-passers creates a more target-
rich environment, increasing the absolute number of marginal students who can be
pushed across the passing threshold through a combination of heightened general

instructional rigor and targeted effort.
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These predictions partially guide the empirical analysis that follows. In particular,
this study examines whether teacher bonuses increase overall pass rates, where gains
are concentrated, and whether responses vary with baseline number of passing and non-

passing students.

4  DATA

A. Sample Construction

This study utilizes student-course level administrative data from the North Carolina Ed-
ucation Research Data Center (NCERDC), covering the academic years 2012-13 through
2018-19. The analytic dataset is constructed by first extracting AP course enrollments
from high school transcripts and merging them with official AP exam records from the
College Board.! T then link the AP course enrollments to their respective course teachers
using the course membership files. Unfortunately, approximately 10% of the student-
courses could not be matched to the class teachers due to missing teacher identifiers in
the course membership records. According to NCERDC documentation, these are not

subject to systematic omission.!?

To isolate the effects of the teacher bonus program, I apply a series of necessary sample
restrictions. Starting with the full sample of AP course enrollments, I first limit the
sample to observations matched to teachers, creating the “Matched Sample”. Because the
goal is to understand whether the bonus program increases teacher effort and consequently
student achievement, I then restrict the sample to classes taught by teachers teaching
both before and after the introduction of the bonus program, giving us the “Continuing

Teacher Sample.” Finally, to rigorously control for unobserved, time-invariant student-

UT follow Fazlul et al. (2021) and restrict the analytic sample to the second semester (i.e., Spring term)
or year-long enrollments. This restriction is appropriate for two reasons. First, most AP courses span
two semesters (Fall and Spring). Second, in North Carolina public schools, the few one semester-long AP
courses (e.g., Microeconomics, U.S. Government and Politics, Psychology) are generally offered in the
Spring to avoid a timing mismatch between course instruction and the exam. This institutional feature
is evident in the data: AP Psychology, a semester-long course, is the second most popular AP course in
the sample.

12The publicly available NCERDC report titled “Technical Report 1: Linking Teachers in the ABC
Data to Teachers in the School Activity Report” provides further technical details about the matching
process. Also importantly, approximately 98.4% of the student-courses are matched uniquely to only one
teacher. This share increases to ~99% for the main analysis sample, the construction of which I describe
next.



level confounders using student fixed effects, I confine the analytic sample to students
who are observed in multiple AP courses. This yields the primary “Analysis Sample” of
383,560 student-course observations, which is used to estimate the main coefficients on
interest. In section 6, I provide evidence that these sample restrictions, if anything, may

lead to understatement of the true effect.

B. Summary Statistics

Table 1 reports the summary statistics from student-course level data from 2013 to 2019
for the Full and Analysis samples separately.'®> Comparing column 3 to column 6 of
the table, we observe that pre-to-post-bonus changes in average student characteristics
and academic variables are comparable between the samples. However, the average pre-
period 8th-grade Math and Reading z-scores are about 0.1 Standard Deviation higher in
the Analysis Sample (Column 1 vs. 4), implying that the main estimates come from a
sample of students with relatively higher ability than the general AP population. Focusing
on the Analysis sample, we observe a noticeable change in student composition in AP
courses following the introduction of the bonus program, with the share of Asians and
Hispanics increasing. The exam participation also increased by 6 percentage points, which
is suggestive of potential spillover of the universal AP exam fee waivers policy introduced
a year before the implementation of the bonus program (Column 6). Evidence presented
later will demonstrate that this paper’s main findings (on probability of an enrollment
leading to a passed exam) are not contaminated by fee waivers. Finally, the raw mean

difference suggests a 2.8 percentage point increase in AP pass rates (Column 6).

Figure 1 plots the percentage point change in the share of AP enrollments resulting
in passed AP exams, using 2015 as the baseline reference.'* For teachers who continued
to teach AP courses starting in the pre-bonus period, the trend is flat throughout the
pre-period. A steady rise is observed following the introduction of the program. However,
the pre-trend for the Analysis Sample has been steadily decreasing in the pre-period and
rising thereafter. Importantly, despite variation in pre-trend, pass rate across the samples

followed similar, increasing trajectory in the post-bonus period.

13To clarify, I refer to Academic Year 2014-2015 using the ending year ‘2015’, and other academic
years referred to following this same convention.

14The year coefficients are estimated by regressing the year coefficients on the course-level binary
indicator of exam passing.
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C. Teacher-level Measures

The main analysis of this paper centers on the 2,712 teachers observed teaching AP
courses in both the pre- and post-bonus periods. On average, a teacher in this sample
has about 14 years of teaching experience, an approximately 50% probability of holding
an advanced degree, and a pre-bonus student load of approximately 32 students per

academic year.'

The difference-in-differences (DD) design employed in this paper exploits the bonus
cap to identify a credible control group of unincentivized teachers—i.e., teachers whose
baseline number of passers predictably qualifies them for the maximum bonus. To avoid
endogeneity, I calculate a proxy measure of each teacher’s baseline number of passers
by averaging the number of passers from the broader “Continuing Teacher Sample” over

16T identify 57 teachers who, with an average of 70 or more pre-

the pre-bonus years.
bonus passers, serve as the primary (unincentivized) control group under the DD design
[see Figure B.1]. However, a teacher’s actual number of passers naturally varies over
time, introducing a potential for misclassifying them into groups being compared. This
potentially makes the DD estimates conservative, mainly because some unincentivized
teachers may drop below the 70-passer threshold (facing strictly positive marginal incen-
tives), while some incentivized teachers may surpass the threshold (facing no marginal
incentive). Both types of misclassifications contaminate the comparison and would atten-
uate the estimated effects toward zero. Notwithstanding, I further examine the sensitivity

of these estimates via alternatively defined control groups based on 65 and 75 average

number of pre-bonus passers.

Figure 2a provides non-parametric evidence supporting the DD design. The binned
scatter plot illustrates the relationship between a teacher’s pre-bonus number of passers

and their respective pre-to-post change in pass rates.!'” The pattern reveals two distinct

I5Figure B.2 plots the frequency distribution of teachers’ pre-bonus student load.

16T use the broader “Continuing Teacher Sample” to construct these baseline characteristics because
the non-singleton students in the Analysis sample alone do not represent a teacher’s complete pre-bonus
workload or effectiveness. This procedure yields a more stable and representative proxy for a teacher’s
typical pre-period environment. However, I also note that, throughout the paper, the pre-to-post change
in pass rate for a given teacher is calculated using the Analysis sample, providing comparable descriptive
evidence for the main causal estimates.

ITThis plot is based on teacher-level aggregate data and generated by locally regressing teachers’ pre-
bonus number of passers on their pre-to-post change in pass rate within data-driven bins [See Cattaneo
et al. (2024) for econometric details].
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regimes. For teachers with a low baseline, a strong, downward-sloping relationship is
observed, with the largest gains concentrated among teachers with least number of pre-
bonus passers. Crucially, for teachers with a high baseline (more than 40 pre-bonus
passers), the relationship flattens and becomes statistically indistinguishable from zero.
This provides a strong descriptive evidence that the marginal incentives were indeed
extinguished for this high-performing group, at least in part, due to the bonus cap.
Moreover, Figure 2b highlights that a teacher’s the baseline number of non-passers is
positively associated with the pre-to-post change in pass rates. Taken together, they are
indicative of varying teacher responses to the bonuses given a teacher’s baseline class

characteristics.

Finally, while the number of teachers in the control group is modest, they are highly
active, accounting for over 17,000 student-course observations in the Analysis sample. On
the other hand, the unincentivized group is on-average slightly more experienced than
the incentivized group (14.1 vs. 13.4 years). However, Figure 3 exhibits that this small
difference in means is not indicative of a fundamental disparity; the overall experience
distribution for both groups are roughly similar and exhibit substantial overlap. This
comparability alleviates potential concerns that the results may be driven by differential
returns to experience across the groups being compared, which I formally investigate

later.

5 THE IMPACT OF TEACHER BONUSES

The empirical analysis of this paper proceeds in four steps, moving from the average
effect of the bonus program to the deeper mechanisms that, in part, explain it. First,
I answer the fundamental question of whether the bonus program effectively increased
pass rate among AP enrollees by documenting robust significant estimates across both the
within-teacher and difference-in-differences models. Second, I ask how this improvement
was achieved by examining the program’s impact across the full AP score distribution.
Third, I test the theoretical predictions of the incentive design by examining heterogeneity
in effects by teachers’ baseline class characteristics. Finally, I document heterogeneity by

AP subjects, student demographics, teacher experience, and school urbanicity.
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5.1 The Average Effect

To examine the effect of the teacher bonus program on the probability of an AP
enrollee passing the exam, I rely on the Analysis sample and estimate the following

within-teacher model.

Passicjt = TPOStt -+ 9j + Ye + (Sg + o; + ﬁXicjt —+ Eicjt (1)

Where, Pass;;; is the binary indicator that student 7 in AP course c taught by teacher j
at year t achieves a passing score in the standardized AP test. Post, [=I(Year > 2016)] is
the policy variable, taking a value of 1 in years when the teacher bonus program is active
and 0 otherwise. 7 captures the effect of the bonus program on the probability of an AP

course resulting in a passing exam score.

This model exploits outcome variation within teachers over time by leveraging teacher
fixed effects (0;) to absorb all stable differences in quality, effectiveness, and teaching style
across teachers. To ensure that the within teacher comparison over time is not confounded
by the variation of mix of students taught, I include grade (,), course (7.), and student
(a;) fixed effects. The vector X;.;; contains two time-varying covariates: the district-
level indicator for participation in the North Carolina Advanced Placement Partnership
(NCAPP) to account for the effects of targeted professional assistance (if any) and the
subject-year level annual national pass rate among exam takers to absorb year-to-year

changes in exam difficulty.'® ,.;; is the idiosyncratic error term.

A critical assumption underlying the validity of the within-teacher model is that, the
pass rate among students assigned to a given teacher would not have changed over time
in absence of the bonus program. I probe the validity of this assumption by estimating

event study coefficients and find that the pre-bonus evolution of pass rate was stable

18] note again that “pass rate among exam takers” is fundamentally different from “pass rate.” While
the numerator is same for both measures, the denominator of the former is the number of exam takers
and the denominator of the latter is the number of AP course enrollees. The data on national pass rate
among exam takers are sourced from the College Board: https://apstudents.collegeboard.org/about-ap-
scores/score-distributions [Retrieved: 06.10.2025]
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leading up to the introduction of the bonus policy (see Figure 4).1

Table 2 reports estimates from the within-teacher model (Eq. 1). Estimates from
the most rigorous specification, including student fixed effects in addition to teacher,
subject, and grade fixed effects, show that the probability of an AP enrollment resulting
in a passing exam score increased by 2.6 percentage points following the introduction
of the bonus program. Comparing columns 4 and 5, I find that including student-level
controls—sex, race, socioeconomic status, and 8th-grade Math and Reading z-scores—in
lieu of individual fixed effects attenuates the estimated effect. This pattern is consistent

with negative omitted variable bias in the specification without student fixed effects.

Such results, however, could be driven by unobserved, statewide time shocks common
to all AP teachers in North Carolina. To surmount this challenge, I exploit the fact that
the bonus program was capped at $3,500, implying that teachers faced zero marginal
incentives to exert additional effort to generate passes beyond 70 ($3,500 / $50). This
allows me to the sample of teachers into treatment and control groups based on their
respective average pre-bonus number of passers, NPassPre; ,...2° I do this by defining
a binary variable, Incentivized;, that takes a value of 1 if NPassPre;,,. < 70 and 0
otherwise. I then compare the within-teacher changes in pass rate among incentivized

teachers to those unincentivized over time to estimate the effect of the bonus program.

Pass;.;; = A(Post; x Incentivized;) + 6; + 7. + o + pr + BXicjt + €icjt (3)

While preserving the notational conventions, I hereby transform the within-teacher model

(Eq. 1) into a difference-in-differences model through two changes. First, the addition

19The dynamic specification of Equation 1 is as follows.

Passicjt = T Z I(k=t)+0; + 7.+ 04 + Xicjt + €icjt (2)
k#2015

Where, 13 captures the effect of the bonuses at year ¢ relative to the year 2015. Note that, I exclude
student fixed effects from this model since the unbalanced structure of the student-course panel makes
the year coefficients uninterpretable. This is primarily because, in this specification, each year-coefficient
is estimated using a different, non-random sample of students, and due to near-perfect collinearity
between within-student high school grade progression and year, the effect of student maturation cannot
be separately identified in the presence of student fixed effects.

20To accurately proxy a teacher’s potential total bonus amount in a given academic year, I calculate
annual number of passes for a given teacher from the “Continuing Teacher Sample,” which includes all
singleton and non-singleton students taught by an AP teacher. I then average each teacher’s respective
annual number of passes over 2013 to 2015 to calculate NPassed; pre.
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of an interaction between Post, and the Incentivized; dummies enable the comparison
of outcome growth between the incentivized and unincentivized teachers over time. The
coefficient of interest, A\, captures the effect of the bonus program on incentivized teachers.
Second, I add year fixed effects, p; to absorb year-specific shocks common to all AP
teachers. Because high school grade and year are collinear within students, I exclude

grade fixed effects from the specification including student fixed effects.

The primary identifying assumption of the difference-in-differences model is that the
pass rate across the incentivized and unincentivized teachers would have evolved similarly
over time in the absence of bonus incentives. I test the validity of this assumption by

L Figure 5 plots the estimated coefficients for

estimating a dynamic DD specification.?
each year, with coefficients estimated relative to the year immediately preceding the
bonus, 2015. It shows that the evolution of pass rate remained relatively stable over the
pre-bonus period. The positive post-bonus year-coefficients provide suggestive evidence

that the bonuses increased relative pass rates among incentivized teachers.

Another key assumption is that the change in the number of students assigned to a
teacher is not endogenously determined by their response to the bonus. To test, I exam-
ine the correlation between the pre-to-post change in a teacher’s student load and the
corresponding change in their pass rate in Figure B.3. The estimated near-zero correla-
tion (correlation coefficient = 0.019) provides strong evidence that the type of dynamic,
performance-based sorting that would threaten the DD design is not a significant concern

in the data.

Table 3 reports the estimates from the difference-in-differences model (Eq. 3). The

estimates from the most rigorous specification in column 4 show that the bonus program

21T estimate a modified version of Equation 3, where I replace the single Post, variable with a series
of year-specific dummies.

Passicj: = Z At - Incentivized; pre - I(k =t) + 0; +vc + pr + 04 + €icje (4)
k#2015

The event study coefficients \; measure the difference in outcomes between incentivized and unincen-
tivized teachers in each year, relative to 2015. Note that student fixed effects can be included in this
dynamic specification under two assumptions: (i) the effect of student maturation is common across all
students regardless of teachers they are assigned to, and (ii) the unbalanced nature of the nonrandom
sample of AP students used to estimate the year-coefficient are roughly similar across the comparison
groups over time. The similarity between the coefficient estimates with or without the student fixed
effects (Figure 5 vs. Figure B.4) provide strong evidence supporting the validity of the DD design.
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significantly increased pass rate among AP enrollees by 2.4 percentage points (p=0.052).
This estimate is less precise but similar to that from the baseline within-teacher model
in Table 2 and suggestive of negligible bias from common time trends that affect all
AP teachers. I further test the robustness of this result by altering the threshold that
defines the unincentivized control group. The estimated effect increases a little when
the threshold is lowered to 65 pre-bonus passers and increases dramatically when using a
stricter threshold of 75, with the parallel trends assumption well-supported in all cases [see
Table B.3 and Figure B.5]. The robustness of the main effect across these specifications

provides strong support of a consistent positive effect of the bonus program.??

Additional robustness and sensitivity checks.- A potential concern with the main
difference-in-differences specification is that it abstracts from the policy’s initial bonus
cap of $2,000 in AY 2015-16 (implying an effective threshold of 40 passers), which was
increased to $3,500 (70 passers) in subsequent years. To align treatment with this policy
shift, I estimate specifications that allow incentive exposure to vary across groups and
over time: teachers with fewer than 40 baseline passers are treated starting in 2016, while
those with 40-69 baseline passers are treated starting in 2017, with teachers at or above
70 passers serving as the (never treated) capped-out group. Appendix Table B.1 presents
the results. These estimates reinforce the main findings and are informative about het-
erogeneity in responses across baseline teacher capacity. The positive response is driven
primarily by teachers with fewer than 40 baseline passers, while the estimated effect for
teachers with 40-69 passers is not statistically different from zero (column 4). This pat-
tern is consistent with declining marginal incentives as teachers approach the cap, which

I examine in Section 5.3 using a continuous difference-in-differences framework.

A second potential concern is that the results may be confounded by the North
Carolina Advanced Placement Partnership (NCAPP), a collaboration between the state
and the College Board initiated in the 2013-14 academic year, through which the Col-

221 also acknowledge that AP teachers may also teach IB and Cambridge AICE courses. This has
important implications for the analysis, since under the bonus program, teachers of all advanced courses
are rewarded if their students achieve a passing score in the respective standardized exam. However, I
argue that this is not a significant driver of the main results for two key reasons. First, it is relatively
uncommon for a school to offer both AP and IB/AICE programs concurrently. Thus, the number of
teachers who are the instructor of record for courses across these different programs are likely very small.
Second, the teacher fixed effects are well-suited to handle this. If a teacher consistently teaches a mix of
AP and IB courses, this is part of their stable, unobserved characteristic, and the fixed effect will absorb
it.
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lege Board provided administrative and professional support to a targeted set of low-
performing school districts (North Carolina Department of Public Instruction, 2014,
2015).2® In Appendix Table B.2, I provide evidence that the main estimates are quali-
tatively similar when I exclude all observations from the NCAPP target school districts

(columns 2 and 4).%4

A third, and critical, threat to the identification is the statewide AP exam fee waiver
policy implemented in 2015, the year immediately preceding the introduction of the
teacher bonus. This concern is unlikely to explain the results, as shown by several empir-
ical checks. To begin with, the event study plots (Figures 4 and 5) show no statistically
significant jump in pass rates in 2015, the first year all students received AP exam fee
waivers when the teacher bonus program was inactive. In section 5.2, I further document
that the estimated effect of the bonus program on exam participation is insignificant
and very small in magnitude (0.006, SE=0.012), ruling out substantial confounding from
the fee waivers.?> Furthermore, Rahman and Lawson (2025), exploiting within-student
variation induced by the fee waivers, find that the waivers increased exam-taking but
not passing propensity among students taking multiple AP courses both before and after
the waivers are implemented. Adopting this strategy as a falsification test, I document
that for students observed taking AP courses both before and after the introduction of

the bonus program, pass rates rose by a statistically significant 2.1 percentage points,

23 Although a statewide partnership, NCAPP’s assistance was primarily focused on a specific set of
low-performing school districts—initially 23 and covering a total of 34 by the end of the study period
(North Carolina Department of Public Instruction, 2015, 2019). Data from North Carolina Department of
Public Instruction (NC-DPI) reports indicate that the vast majority (over 90%) of teachers participating
in College Board AP training workshops during this period were employed by the NCAPP target districts
(North Carolina Department of Public Instruction, 2014, 2015, 2016, 2017).

24 Also, the main specifications include a ‘target’ dummy variable to separately control for the effects
of NCAPP. Estimates in Columns 1 and 3 of Appendix Table B.2 show that exclusion of the dummy
results in roughly identical estimates.

25This argument rests on the economic intuition that the effect of exam fee waivers on pass rates
must operate primarily through exam participation. To further assess robustness, I rigorously test
the sensitivity of the pass rate estimates by restricting the analysis to the post-waiver period (2015-
2019) to isolate the marginal effect of the bonus; see Appendix Table B.4. When I define incentivized
teachers using alternative cutoffs of 65 or 75 average pre-bonus number of passers (to account for potential
measurement error or behavioral responses near the threshold), the estimated effects on pass rates remain
similar to the main estimates. The estimate using the policy-determined cutoff of 70 is positive but
less precise, with the 95% confidence interval fully covering the 95% confidence interval of the baseline
estimate. Crucially, regardless of the threshold used to classify incentivized teachers, I find no statistically
significant effect on exam participation (Panel B), directly falsifying the hypothesis that exam subsidies
drive the results.
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whereas exam participation did not (see Appendix Table B.5).%0

Finally, both the NCAPP and the AP exam fee waiver policy were implemented as part
of North Carolina’s “Broaden Successful Participation to Advanced Courses” initiative
legislated in 2013. This initiative also encourages schools to provide AP preparatory
resources to middle school students. However, because benefits of these efforts were
realized before students entered high school and enrolled in AP courses, the resulting

differences in students’ pre-AP academic inputs are absorbed by the student fixed effects.

5.2 Effects on AP Score Distribution

The program awards bonuses based on a strict absolute threshold: a score of 3 or
higher. This creates an incentive for teachers to engage in educational triage—that is, to
allocate targeted effort to students just below the passing threshold (Gillborn & Youdell,
1999; Neal & Schanzenbach, 2010). T test this theoretical prediction by examining the
program’s effect on the distribution of AP exam scores using the difference-in-differences
framework (Eq. 1). I rely on two complementary outcome measures for each possible
exam score, k € {1,2,3,4,5}. First, I use a non-cumulative measure, I(Score = k), to
investigate whether the score distribution is reshaped by the incentives. Second, I use
a cumulative measure, [(Score > k), to estimate the program’s effect on probability of

clearing a certain threshold, such as a passing score.

Table 4 provides evidence of a shift in the entire score distribution, consistent with a
broad-based improvement rather than a narrow spike at the passing threshold. Focusing
on the non-cumulative measures in Panel A, I find a negative but insignificant effect
on the probability of a course leading to the lowest score. Such negative impact is
observed throughout the bottom score bands (1 to 3), whereas positive significant gains
are observed for scores at the top of the distribution—2 and 1.9 percentage point increase
in the probability of achieving a score of 4 and 5, respectively. These results provide strong
evidence contrasting educational triage hypothesis, which predicts largest score gain at

the passing threshold.

26T acknowledge that fee waivers may be a necessary condition for the observed gains in pass rates
following the introduction of the bonus program. While the bonuses drove the marginal improvement in
performance, financial barriers could have precluded exam participation among many AP enrollees who
were likely to pass (Fazlul et al., 2021; Rahman & Lawson, 2025).
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Panel B uncovers further details. I find a statistically insignificant effect on the
probability of achieving 1 or higher score. Because 1 is the minimum score an enrollee
taking the exam can get, this estimate indicates that changes in exam participation is
not a key mechanism for this sample. Crucially, the effect peaks beyond the passing
threshold at score 4, increasing the probability of achieving a score >4 by approximately
4 percentage points. This reinforces the implication that the significant average effect

discussed earlier is likely driven by improvement in general instructional quality.?”

It is plausible that teachers might have allocated higher targeted effort toward stu-
dents who do not enroll in multiple AP courses, whom the main Analysis sample omits.
However, results from the difference-in-differences model estimated by excluding student
fixed effects and on the broader “Continuing Teacher Sample”—which includes singleton
students—reveal a similar pattern observed for the Analysis sample: the bonus effect is
concentrated at the top of the AP score distribution, with significant gains for scores of 4
and 5 [see Table B.7]. This reinforces the suggestion that the bonuses primarily induced

a broad improvement in instructional quality.

5.3 Incentive Strength

As argued in section 3 (and formally deduced in Appendix A), the incentive strength
teachers face under this bonus program varies along their respective baseline number of
passers and non-passers. To probe the empirical validity of such prediction, I estimate
continuous difference-in-differences models, where the treatment intensity is determined
by a teacher’s baseline number of passers and non-passers. Specifically, I replace the
binary indicator for teachers with baseline number of passers below 70 (Incentivized,)
in model 3 with continuous measures of baseline class characteristics that predictably
determine incentive strength. I then estimate the coefficients of the interactions between
the post indicator with pre-bonus average number of passers (NPass; ) and non-passers
(NFail;,.) separately. Theoretically, we would expect higher number of passers (non-

passers) to have negative (positive) effects on pass rates.

27In Table B.6, I provide results from the within-teacher model (Eq. 1). The estimates tell a relatively
weaker story, but still provides strong evidence of significant positive effects on the high scores (4 and
5).
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The estimates in Table 5 provide strong empirical support for the theoretical predic-
tions. Column 3 demonstrates that the marginal effect of the policy is highly responsive to
baseline classroom composition. Specifically, one more student in the baseline non-passer
pool increases pass rate by 0.09 percentage points. In contrast, an additional baseline

passer reduces the effect by 0.08 percentage points.

Such interpretation of the continuous DD coefficients, however, is valid under a strong
linearity assumption, which often fails to hold in the data (Callaway et al., 2024).%® Con-
sequently, I estimate an extended specification, which includes up to third-order poly-
nomial of the baseline proxies. Appendix Table B.8 presents the results. Calculating
the marginal effect from the cubic specification (column 3) at the sample mean (15.49
pre-bonus average number of passers) reveals a substantially steeper penalty of ~0.21
percentage points from an additional baseline passer. This suggests that the parsimo-
nious difference-in-differences model provides a conservative lower-bound estimate of the
incentive effect for the average teacher, as it averages across the steep initial penalty and

the flatter regions further up the distribution.?”

5.4 Heterogeneity

To examine heterogeneity, I augment the DD model with an interaction between the
heterogeneity dimension (Z;.;;) and the main difference-in-differences interaction term

(Post; x Incentivized; ), yielding a general model of the form:

Pass;cjy = A (Post; x Incentivized;) + Y pux (Post; x Incentivized; x I(Z = k))
k40

+ G0+ v+ + pr A+ BXgjr + Eicjie (5)

28This potential nonlinearity can be observed in the nonparametric bin-scatter plots base on teacher
level data (see Appendix Figure B.1).

29While the bonus program directly rewards the absolute number of passing students, a teacher’s
incentive strength can alternatively be parameterized by their baseline pass rate and total student load.
Appendix Table B.9 reveals a similar story: Column 3 estimates indicate that a 10-percentage-point
increase in a teacher’s baseline pass rate reduces the treatment effect by approximately 1.7 percentage
points, whereas total student load has no statistically significant impact. Importantly, the binscatter
plot (Figure B.6a) provides strong visual evidence supporting the linearity assumption of the continuous
DiD model for the pass rate.
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Where, Z represents the dimension of heterogeneity, and k indexes the different groups
within. The coefficient A captures the effect of the omitted reference category, and
captures the differential effect for category k relative to reference category. The total

effect for a given category, k, is given by A + p,.%°

I examine heterogeneity along four key dimensions. First, I study subject-level het-
erogeneity, where Z represents the vector of AP subject indicators. Second, I examine
heterogeneity by locale, where Z represents the vector of school urbanicity indicators.3!
Third, I analyze heterogeneity across student demographics by investigating how the ef-
fects of the program vary by gender, socioeconomic status, and underrepresented minority
(URM) status, where URM students are those who are neither White nor Asian. Finally,
I examine heterogeneity by teacher experience, where 7 represents a categorical variable
classifying teachers based on their initial pre-period experience as Novice (less than 5

years), Early-Career (5 to 9 years), or Veteran (10 or more years).*?

A. Heterogeneity by Subjects

Figure 6 plots the estimated effect for different AP subjects along with 95% confidence
interval. The first number within the parentheses accompanying each subject title reports
the pre-bonus percentage of student-courses and the second number reports the point
estimate for the given subject. The plot reveals significant heterogeneity in the program’s

effect across AP subjects.

The results for STEM subjects are mixed. The bonus had large positive effects on the
life sciences: Biology and Environmental Science. In contrast, for most physical science
courses, including mathematics, Chemistry, and Calculus AB/BC, the estimated effects

are not statistically distinguishable from zero.

Among history and social sciences, pass rates significantly improved in US Government
and Politics, Microeconomics, and World History courses. However, for other popular

subjects in this group, such as US History and Psychology, I estimated precise null effects.

30The standard errors are estimated using the delta method.

31The urbanicity indicator is a categorical variable constructed from the detailed ULOCAL codes in
the National Center for Education Statistics (NCES) Common Core of Data (CCD), collapsed into three
categories: City, Suburban, and Town/Rural.

32Note that, the category fixed effects, (i, are collinear with other fixed effects and are absorbed,
except for when capturing permanent differences across school locales.
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Within the Arts, the effects are positive but noisy.?® A few language courses, such as
Spanish Language and Spanish Literature show a statistically significant increase in pass
rates, whereas the effect for Art History and English Language courses are positive but

imprecisely estimated.

Taken together, there appears to be no single characteristic, such as the subject’s
overall popularity or its broad disciplinary category, that separates the courses for which
the bonus program was effective. However, this complex pattern hints at the underlying
importance of the subject-specific educational production function. It is speculatively
plausible, that incentives were most effective in subjects where the educational produc-
tion function is straightforward, meaning that there exists subject-specific core concepts
with widespread application. In Microeconomics, for example, a teacher can focus ex-
tra effort on a portable concept like supply and demand, confident that mastery of this
single, codifiable model will directly equip students to answer a wide range of questions
across different contexts. Similarly, in Environmental Science, the vast but well-defined
curriculum allows a teacher to target specific, testable content, such as the nitrogen cycle
or key environmental laws, to reliably produce score gains. This contrasts sharply with a
cumulative subject like Calculus, where a teacher’s effort can be rendered ineffective if a
student lacks the prerequisite algebra skills from prior years. In such cases, the roadmap

from effort to success is less certain.

B. Heterogeneity by Student Demographics

Turning to heterogeneity by student demographics, I find substantial baseline disparity
in AP performance. In the pre-bonus period, AP enrollments by female students are on-
average 5 percentage points less likely to result in a passed exam compared to those by
males. This gap is nearly four-fold larger (~23 pp) for students from low-socioeconomic
(SES) or underrepresented minority (URM) backgrounds compared to their respective

demographic complement group.

Figure 7a presents the difference-in-differences estimates stratified by the subgroups.

I find that the gains are not statistically different across demographic groups. While

331 caution against strong causal interpretation of most of these estimates, however. As indicated by
asterisks (*), a large subset of AP subjects lacked a direct comparison group of unincentivized teachers
in the sample, meaning their estimated effects are not identified from a within-subject comparison.
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point estimates suggest relatively larger gains for female and low-SES students, the con-
fidence intervals largely overlap.®* Although weak, the differential gain among female AP
students is consistent with prior literature suggesting they may better utilize additional
schooling inputs due to differences in non-cognitive skills (Angrist et al., 2009; Jacob,

2002).

C. Heterogeneity by Locale

A key strength of the data is the within-teacher variation in teaching environments, which
allows examination of heterogeneity across school locale. Specifically, I find that 421
teachers in the Analysis sample (approximately 15%) moved between City, Suburban, and
Rural locales during the study period. And, among these movers, 249 made a permanent
move to a different locale, with moves occurring in all directions. This mobility enables
separate identification of the average effects of teaching in specific locales from the teacher

fixed effects.??

Figure 7b exhibits that the bonus effects were significantly higher for AP enrollees
at rural schools, increasing the probability of passing the linked AP exam by nearly
4 percentage points. The program had imprecise but sizable positive impact within
the city and suburban schools as well. The within-teacher model yields conservative
estimates, while still estimating a statistically significant 2.7 percentage point increase in
rural schools (see Appendix Figure B.8). These estimates suggest that performance pay
generates larger gains in under-resourced areas, reducing the persistent urban-rural AP

achievement gaps by approximately one-third.36

D. Heterogeneity by Teacher Ezxperience

34More specifically, the interaction terms are not statistically significant (see Panel A of Appendix
Table B.10). However, estimates from the within-teacher model (reported in Panel A of Appendix
Table B.10) reveal evidence of heterogeneity by gender. The estimates suggest that the bonus increased
pass rate among female enrollments by an additional 2.8 percentage points (p < 0.01) relative to male
enrollments.

35Note that 25 out of the 57 teachers in the unincentivized group were observed to teach AP courses in
rural schools at least one year in the pre-bonus period, alleviating concerns regarding the identification
of the difference-in-difference parameters.

36In the analysis sample, the pre-bonus AP exam pass rate among rural school enrollments were 6.95
percentage points (14%) lower than those in city and suburban schools, implying that the estimated
effects close roughly one-third of the baseline urban-rural gap.
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While Figure 3 indicates substantial overlap between the experience distribution of in-
centivized and unincentivized teachers, the difference in average experience raises a po-
tential concern regarding whether the main estimates conflate the policy’s impact with
differential returns to teaching experience. In particular, if the bonus effects were con-
centrated entirely among novice teachers—who are modestly overrepresented within the

incentivized group—the causal interpretation would be weakened.

To probe this directly, I estimate the DD model allowing the bonus effect to vary across
three experience categories: novice (<5 years), Early-Career (5-9 years), and Veteran
(10 or more years).>” Figure 7c shows that, while the estimated bonus effect is larger
among novice teachers, the estimated effects for groups with 5 or more years of teaching
experience are close to the average effect and statistically significant at 10% level.3® And
because the incentive appears effective for both novice and more experienced teachers, this
alleviates the concern that the average effect is primarily driven by the over-representation

of less experienced teachers in the incentivized group.

6 DISCUSSION

A key feature of the empirical design is the use of pre-bonus averages to proxy for
the teachers’ baseline class characteristics and expected incentive exposure. Because ac-
tual bonus payments are not observed, I infer incentives from the known policy formula,
under which bonuses are a deterministic function of the number of students achieving a
passing score, subject to a cap. Accordingly, a teacher’s average number of passers in the
pre-bonus period provides a natural proxy for baseline productivity and expected bonus
exposure, while ensuring that the classification of incentive status is not mechanically

affected by post-policy outcomes. This, however, introduces measurement error, as these

37This categorization is well-supported by the prior literature, suggesting teachers’ learning curve is
steepest in the first 5 years Papay and Kraft (2015) and Wiswall (2013).

38Table B.11 presents the background raw estimates for Figure 7c, where veteran teachers serve as
the reference group. I estimate a statistically significant differential effect for novice teachers, implying
the bonus had been most effective for this group. While this could also be partially driven by higher
returns to experience for the early-career teachers, the crucial finding is that the bonus yields positive
total effects across all experience levels. Moreover, these results remain robust to a stricter definition
of treatment group. Defining incentivized teachers using the 65 average pre-waiver passers threshold
expands the control group to 78 teachers (28,310 enrollments); however, the results remain stable (see
Appendix Figure B.9 and Figure B.10).
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averages may imperfectly capture a teacher’s true baseline, particularly in the post-bonus
years. Such noise can lead to misclassification of teachers’ incentivized status—some
teachers classified as unincentivized may in fact face positive incentives, while some clas-
sified as incentivized may be effectively capped-out. This misclassification attenuates the
difference-in-differences estimates toward zero. Reassuringly, the consistency of the core
findings across multiple baseline proxies (e.g., pass rate, number of passers, number of

non-passers) and the robustness across various specifications instill confidence.

Additionally, extensive robustness and sensitivity checks in Section 5.1 establish that
the increase in pass rates among AP enrollees is not driven by AP exam fee waivers.
However, it is important to emphasize that the success of the teacher bonus program is

achieved under a universal no-fee testing regime.’

This paper explicitly isolates the intensive margin of teacher response: how financial
incentives alter the effort and strategy of incumbent AP teachers. In this paper, I do not
estimate the policy’s effects on the extensive margin of labor supply, such as recruitment
or retention. However, economic theory predicts that performance pay is likely to improve
workforce quality through positive selection (Lazear, 2000). Though I cannot directly
verify, I provide evidence supporting this notion: the estimates from the Matched Sample
(Table B.12, Panel B), which includes all AP teachers, are consistently larger than the
estimates from samples restricted to continuing teachers (Panels C and D). Consequently,

it is plausible that the policy’s total effect is likely larger than the estimates suggest.

Finally, back-of-the-envelope calculations suggest that the bonus program may be
highly cost-effective. Under a set of simplifying assumptions that allow comparison of
the policy’s benefits and costs, the expected increase in future tax revenues may fully
offset the program’s upfront cost. Comparing an enrollee’s expected lifetime after-tax

benefit to the expected cost of the bonuses yields a benefit—cost ratio of 4.92.4°

39A further unique feature of this policy context is that AP credits carry high signaling value for
students during the college admissions process. As a result, students may have strong intrinsic motivation
to achieve a passing score, which may in turn reinforce the effectiveness of teacher responses to the
financial incentives.

40Bartik et al. (2016) estimate that a college degree increases the net present value (NPV) of lifetime
earnings by $846,300 for non-economically disadvantaged (non-EDS) students and $314,800 for EDS
students (in 2012 dollars). Weighting these figures by the pre-policy EDS share in the Analysis sample
(14%) yields an average lifetime earnings increase of $771,890. Assuming a combined marginal tax rate
of 24% (applying a flat 20% federal income tax and the 4% North Carolina state income tax), the after-
tax benefit to the student is 76% of this total. Because passing an AP exam increases the probability
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In the framework of Hendren and Sprung-Keyser (2020), policy efficiency is summa-
rized by the Marginal Value of Public Funds (MVPF), which accounts for fiscal external-
ities. Under these assumptions, the implied MVPF is infinite, as projected tax revenues
exceed program costs. While these calculations rely on strong assumptions, they provide
suggestive evidence that the program represents a highly efficient investment in human

capital. !

7 CONCLUDING REMARKS

This paper examines a novel piece-rate incentive program that awards Advanced
Placement (AP) teachers $50 for each student in their class achieving a score of 3 or
higher on the standardized AP exam—typically eligible for college credit. Exploiting
both within- and across-teacher variation in pass rate, I document the policy increased
the probability that an AP enrollee passes the corresponding AP exam by 2.4 percent-
age points. I further show that this effect was driven by a broad-based improvement in

achievement.

This average effect, however, masks significant heterogeneity. I find that the bonus was
less (more) effective for teachers with a high (low) baseline number of passers, a finding
that contrasts with the literature on group-based bonuses (Goodman & Turner, 2013;
Imberman & Lovenheim, 2015) and highlights the uniqueness of the marginal incentives
of a capped, piece-rate design. I also find that the effectiveness of the bonus varied across
school locale, suggesting that the bonuses reduced the urban-rural AP achievement gap

by one-third. Taken together, the findings demonstrate that the impact of performance

of college completion by an estimated 1 percentage point (Smith et al., 2017), the expected increase in
the NPV of after-tax lifetime earnings for passing one additional exam is $5,866.36. The per enrollment
expected benefit of the bonuses can be achieved by scaling this benefit by the estimated effect of 2.4
percentage point, yielding $140.79. Given post-bonus pass rate of 57.20 percent, the per enrollment
program cost is $28.60. The benefit-cost ratio is therefore 4.92.

41To calculate the MVPF, we must account for the government’s 24% tax recovery on the gross
earnings increase. The expected tax recovery per enrollment is $44.46 (=$771,890x0.01x 0.24x 0.024).
Because this expected tax recovery ($44.46) exceeds the expected upfront cost ($28.60), the net cost to
the government is negative, resulting in an infinite MVPF. Importantly, this estimate may understate
the true benefits, as it conservatively assumes AP credits generate no direct tuition or time savings for
students once in college and do not reduce public higher-education subsidies. Conversely, it may overstate
the MVPF since the administrative overhead of implementing the bonus program and the heterogeneity
of AP subjects’ respective impacts on college completion are not accounted for.
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pay depends critically on contract design, the distribution of incentive strength across

agents, and the underlying production technology of the task being rewarded.
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FIGURE 1—TRENDS IN AP EXAM PASS RATE
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Notes.- The year-coefficients are estimated using Linear Probability model based on student-course
level data, including all second-semester or year-long AP courses between AY 2012-13 and 2018-19,
except AP Research and Capstone courses. The AY 2014-15 (2015) coefficient is normalized to zero.

TABLE 1—SUMMARY STATISTICS
Full Sample Analysis Sample
Pre Post Pre Post
2013-2015 2016-2019 Difference (se) 2013-2015 2016-2019 Difference (se)
(1) (2) 3) (4) () (6)
A. Demographic Characteristics
Female 0.563 0.568 0.006(0.001) 0.558 0.566 0.008(0.002)
Low-SES 0.171 0.146 -0.025(0.001) 0.139 0.118 -0.021(0.001)
Race
White 0.689 0.666 -0.023(0.001) 0.706 0.691 -0.015(0.002)
Black 0.123 0.114 -0.009(0.001) 0.101 0.093 -0.008(0.001)
Asian 0.079 0.096 0.017(0.001) 0.095 0.109 0.014(0.001)
Hispanic 0.068 0.084 0.016(0.001) 0.059 0.070 0.010(0.001)
Other 0.033 0.034 0.002(0.000) 0.033 0.032 -0.001(0.001)
B. Academic Variables
Course Grade Point 3.040 3.216 0.176(0.002) 3.139 3.300 0.161(0.003)
Exam Participation 0.831 0.937 0.106(0.001) 0.893 0.953 0.060(0.001)
Exam Pass 0.462 0.507 0.045(0.001) 0.544 0.572 0.028(0.002)
Exam Score 2.309 2.574 0.265(0.003) 2.620 2.781 0.161(0.005)
8th Grade Math Score 1.042 1.070 0.028(0.002) 1.160 1.197 0.037(0.002)
8th Grade Reading Score 0.915 0.940 0.025(0.002) 0.999 1.026 0.027(0.002)
Observations 307,580 467,036 158,916 224,644
Number of Teachers 5,173 5,269 2,712 2,712

Notes.— This table reports the summary statistics from student-course level data including all Spring-semester or year-
long AP courses between AY 2012-13 and 2018-19, except AP Research and Capstone courses. The ‘Analysis Sample’
is restricted to students who have taken two or more AP courses with continuing AP teachers—i.e., those who were
observed teaching in both pre- and post-bonus periods. The 8th Grade Math and Reading scores are standardized
within year xsubject cells.
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FIGURE 2—RELATIONSHIP BETWEEN A TEACHER’S PRE-BONUS AVERAGE CLASS
CHARACTERISTICS AND PRE-TO-POST-BONUS CHANGE IN PASS RATE
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Notes.- The binned scatter plots illustrate the relationship between teachers’ pre-bonus average number of passers
(non-passers) and their pre-to-post change in pass rate. The plot uses teacher-level aggregate data from the sample
of 2,712 continuing AP teachers, where the pre-bonus average number of passers (non-passers) are computed from the
“Continuing Teacher Sample” and the pre-to-post waiver change in pass rates is computed from the “Analysis Sample”
to maintain consistency with the main estimates. The number of bins are selected using the data-driven procedure of
Cattaneo et al. (2024).



FIGURE 3—DISTRIBUTION OF TEACHER EXPERIENCE
(INCENTIVIZED VERSUS UNINCENTIVIZED TEACHERS)
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Notes.- This figure plots the kernel density estimates of initial (pre-bonus) teaching experience among
the incentivized and unincentivized teachers separately. The sample is restricted to the 2,712 con-

tinuing teachers observed teaching AP courses in both the pre- and post-bonus periods. Densities
are estimated using an Epanechnikov kernel with a 5-year bandwidth.

FIGURE 4—EVENT COEFFICIENT ESTIMATES FROM THE DYNAMIC WITHIN-TEACHER

SPECIFICATION
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Notes.- This figure plots the estimated year coefficients from the dynamic within teacher model (Eq.
2), including teacher, high school grade, course, and student fixed effects. The dependent variable
is a binary indicator for achieving a (passing) score of 3 or higher on the AP exam for a given
student-course. The sample includes all Spring semester or year-long AP courses between AY 2012-
13 and 2018-19, except AP Research and Capstone courses. The estimates are based on the ‘Analysis
Sample’, which is restricted to students who have taken two or more AP courses with teachers who
were observed teaching in both pre- and post-bonus periods.
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TABLE 2—WITHIN-TEACHER MODEL ESTIMATES

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

Post 0.020%%%  0.021%%%  0.019%%% 0.017FF*  0.026%**
(0.003)  (0.003)  (0.003)  (0.003)  (0.004)

Pre-bonus Mean 0.54 0.54 0.54 0.54 0.54
adj. R? 0.20 0.20 0.21 0.33 0.52

Observations 383,560 383,560 383,560 383,560 383,560

Teacher FE v v v v v
Subject FE v v v v
Grade FE v v v
Student FE v
Student Covariates v

Notes.— This table reports regression estimates from the within-teacher model (Eq. 1). Observations are
at the student-course (enrollment) level. The dependent variable is a binary indicator for achieving a
(passing) score of 3 or higher on the AP exam for a given student-course. The sample includes all Spring
semester or year-long AP courses between AY 2012-13 and 2018-19, except AP Research and Capstone
courses. The estimates are based on the ‘Analysis Sample’, which is restricted to students who have
taken two or more AP courses with teachers who were observed teaching in both pre- and post-bonus
periods. The coefficients are estimated using linear probability model; the standard errors are clustered
at the teacher level. Student covariates include sex, race, disability status, socioeconomic status, and
8th grade Math and Reading z-scores. * p < 0.10; ** p < 0.05; *** p < 0.01

FIGURE 5—EVENT COEFFICIENT ESTIMATES FROM DYNAMIC
DIFFERENCE-IN-DIFFERENCES SPECIFICATION
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Year
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Notes.— The coefficients are estimated using the dynamic difference-in-difference specification
(Eq. 4), including teacher, course, and student fixed effects. The dependent variable is a
binary indicator for achieving a (passing) score of 3 or higher on the AP exam for a given
student-course. The sample includes all Spring semester or year-long AP courses between
AY 2012-13 and 2018-19, except AP Research and Capstone courses. The estimates are
based on the ‘Analysis Sample’, which is restricted to students who have taken two or more
AP courses with teachers who were observed teaching in both pre- and post-bonus periods.
Teachers with pre-bonus average number of passers below 70 are categorized as ‘incentivized’.
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TABLE 3—DIFFERENCE-IN-DIFFERENCES ESTIMATES

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

Postx Incentivized; 0.023%*  0.028%* 0.030%**  (.024*
(0.011) (0.011)  (0.011)  (0.012)

Pre-bonus Mean 0.52 0.52 0.52 0.52
adj. R? 0.20 0.21 0.21 0.52
Observations 383,560 383,560 383,560 383,560
Year FE v v v v
Teacher FE v v v v
Subject FE v v v
Grade FE v

Student FE N4

Notes.— This table reports regression estimates from the difference-in-differences model (Eq.
3). Observations are at the student-course level. The dependent variable is a binary indicator
for achieving a (passing) score of 3 or higher on the AP exam for a given student-course. The
sample includes all Spring-semester or year-long AP courses from AY 2012-13 through 2018-
19, except AP Research and Capstone. The estimates are based on the ‘Analysis Sample’,
which is restricted to students who have taken two or more AP courses with teachers who
were observed teaching in both pre- and post-bonus periods. Teachers with pre-bonus average
number of passers below 70 are categorized as ‘incentivized’. The coefficients are estimated
using linear probability model; the standard errors are clustered at the teacher level. *
p < 0.10; ** p < 0.05; *** p < 0.01

TABLE 4—EFFECTS ON AP SCORE DISTRIBUTION

AP Exam Score:
1 2 3 4 5

A. Non-cumulative: Outcome = [(Score= k)

PostxIncentivized; -0.007  -0.011  -0.015%  0.020%*  0.019%*
(0.005)  (0.007) (0.008)  (0.008)  (0.009)

Pre-bonus Mean 0.16 0.21 0.23 0.18 0.11
adj. R? 0.45 0.22 0.13 0.15 0.37

B. Cumulative: Outcome = [(Score> k)

PostxIncentivized;  0.006 0.013 0.024*  0.039*** (.019**
(0.012) (0.013) (0.012) (0.010)  (0.009)

Pre-bonus Mean 0.89 0.73 0.52 0.29 0.11
adj. R? 0.48 0.49 0.52 0.48 0.37
Observations 383,560 383,560 383,560 383,560 383,560

Notes.— This table reports regression estimates from the difference-in-differences specification
(Eq. 3), including teacher, course, year, and student fixed effects. The sample includes all
Spring-semester or year-long AP courses from AY 2012-13 through 2018-19, except AP Re-
search and Capstone. The estimates are based on the ‘Analysis Sample’, which is restricted
to students who have taken two or more AP courses with teachers who were observed teach-
ing in both pre- and post-bonus periods. Teachers with pre-bonus average number of passers
below 70 are categorized as ‘incentivized’. The coefficients are estimated using linear proba-
bility model; the standard errors are clustered at the teacher level. * p < 0.10; ** p < 0.05;
Rk p < 0.01
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TABLE 5—HETEROGENEITY BY TEACHERS’ BASELINE NUMBER OF PASSERS AND
NON-PASSERS

(1) (2) (3)

Post x (NPass; . /100) -0.063*** -0.081%***
(0.011) (0.012)
Post x (NFail; ... /100) 0.059***  0.090***
(0.020) (0.021)
adj. R? 0.52 0.52 0.52
Observations 383,560 383,560 383,560

Notes.— This table reports regression estimates from the continuous difference-in-differences
specification (Eq. 3), including teacher, course, year, and student fixed effects. The depen-
dent variable is a binary indicator for achieving a (passing) score of 3 or higher on the AP
exam for a given student-course. The sample includes all Spring-semester or year-long AP
courses from AY 2012-13 through 2018-19, except AP Research and Capstone. The estimates
are based on the ‘Analysis Sample’, which is restricted to students who have taken two or
more AP courses with teachers who were observed teaching in both pre- and post-bonus
periods. The coefficients are estimated using linear probability model; the standard errors
are clustered at the teacher level. * p < 0.10; ** p < 0.05; *** p < 0.01
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FIGURE 6—HETEROGENEITY ACROSS AP SUBJECTS
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Notes.— This figure plots the regression estimates from the heterogeneous difference-in-differences specification (Eq. 5), with teacher, course, year, and
student fixed effects. The first number in the parenthesis accompanying each subject title reports the pre-bonus share of student-courses (%) and the
second number reports the point estimate for the given subject. The dependent variable is a binary indicator for achieving a (passing) score of 3 or higher
on the AP exam for a given student-course. The sample includes all Spring-semester or year-long AP courses from AY 2012-13 through 2018-19, except AP
Research and Capstone. The estimates are based on the ‘Analysis Sample’, which is restricted to students who have taken two or more AP courses with
teachers who were observed teaching in both pre- and post-bonus periods. Teachers with pre-bonus average number of passers below 70 are categorized
as ‘incentivized’. The coefficients are estimated using linear probability model; the standard errors are clustered at the teacher level.
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FIGURE 7T—HETEROGENEOUS EFFECTS
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Notes.— This figure plots the regression estimates from the heterogeneous difference-in-differences specification (Eq. 5), including teacher, course, year, and student fixed
effects. The sample includes all Spring-semester or year-long AP courses from AY 2012-13 through 2018-19, except AP Research and Capstone. The estimates are based
on the ‘Analysis Sample’, which is restricted to students who have taken two or more AP courses with teachers who were observed teaching in both pre- and post-bonus
periods. Teachers with pre-bonus average number of passers below 70 are categorized as ‘incentivized’. The coeflicients are estimated using linear probability model; the
standard errors are clustered at the teacher level. Based on their initial pre-bonus experience, in Panel C, teachers are assigned to Novice (less than 5 years), Early-Career

(5 to 9 years), or Veteran (10 or more years) categories.



ONLINE APPENDIX

A  THEORETICAL FRAMEWORK

This section develops a simple model to illustrate how optimal effort allocation across
teachers change in response to the bonus design under study. Grounded in the human
capital framework of Becker (1964), the model incorporates the multi-task perspective
of Holmstrom and Milgrom (1991) and Barlevy and Neal (2012) by framing a teacher’s
utility maximization decision as an allocation of their total effort between two types
of instructional activities: those that apply to the entire class (General Instruction) and
those that can be targeted to specific students (Targeted Instruction). For tractability, the
model assumes that teachers are homogeneous in their effectiveness and personal cost of
effort. However, the model predictions are valid even if teachers vary in their effectiveness
and costs but respond rationally to incentives. Additionally, this assumption is justified
by empirical strategies employed in this paper, which leverage teacher fixed effects to

absorb stable, cross-teacher differences.

A teacher is assigned to S students, with their respective baseline ability, a;, drawn
from a distribution with probability density function, y(a).*?> Student 4’s underlying
academic achievement, the latent test score z;, is a function of their own ability (a;), the

teacher’s General instructional effort (eq), and a random shock (¢;):

2z =a; +gleq) + &

Here, g(eq) captures learning from foundational, whole-class instruction and is assumed
to be increasing and concave in general instructional effort, with ¢’(-) > 0 and ¢”(-) < 0.
A teacher can also exert targeted instructional effort (er). This represents activities
like individualized tutoring or small-group drills. While any effective targeted effort also
builds a student’s latent knowledge (z;), a rational teacher responding to the bonus will
direct this scarce resource toward students near the passing threshold—often referred to

as “bubble students”—where it has the highest marginal product in generating a passing

42Without loss of generality, the baseline ability, a;, in this case, may also capture a student’s prior
academic preparation and motivation.
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score.*> To cleanly model this strategic effort allocation, the model makes a deliberate
simplifying abstraction: it treats the teacher’s choice of targeted effort, er, as if it is a
separate technology that specifically increases the pass probability for the bubble student
group. This allows the model to frame a teacher’s decision as a clear trade-off between a

broad ‘knowledge-building’ strategy and a focused ‘pass-harvesting’ strategy.

A student is considered to have passed the exam if their latent achievement, z;, is
equal or greater than the passing threshold, P. To determine the expected number of
passers for a given teacher, I group students into three categories based on their expected
achievement, o' = a + g(eq), after receiving general instruction. The ‘sure passers’ are
those with expected score equal or greater than the passing threshold [¢' > P], giving
them a passing probability of 1. Students whose expected score falls just below the
threshold [@' € [P — A, P)] are the ‘bubble students,” whose success is probabilistic
and depends on the teacher’s targeted effort.#* The return to targeted effort on bubble
students passing the test is captured by f(er), with f'(-) > 0 and f”(-) < 0. Finally, the
‘sure non-passers’ are those with expected score below the bubble window [¢' < P — A,
and their passing probability is zero. This allows us to calculate the expected number of
passers, E[I1], by integrating the passing probability for each group across the distribution

of baseline abilities:

=5 (Ster) [ o+ [7 - staaa)

P—A—g(eq) P—g(eq)

Here, the first term within the parentheses captures the number of passers generated from
targeted instruction, and the second term captures the number of passers resulting from

general instruction.

A teacher’s objective is to maximize their expected utility, given by

max E[U] = Wy + min{b - E[ll], B} — C(eq, er; S) (A1)

€G,erT

where, Wy denotes the baseline salary, b the piece-rate bonus, and B the bonus cap. A

teacher’s reward is the minimum of the piece-rate multiplied by the number of passes

43Effort dilution of this form is commonly referred to as ‘educational triage,” a term coined by Gillborn
and Youdell (1999).
44 Assume A is strictly positive and very small.
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and the bonus cap. The cost of effort, C(-), is increasing in both effort types and student
load, S, reflecting the diseconomies of scale (e.g., grading). The economies of scale (e.g.,
lecture preparation) is captured on benefit side, as the potential bonus for any strategy

scales with S.

FOC(e) = b-S-g'(eq) V(P — glec))(1 = fler)) + fler)y(P — A — g(ec))] = gfc
o0t 5. Flr ¥ iam 2

Analyzing the first order conditions of the teacher’s maximization problem—which state
that optimal effort is exerted until marginal benefit equals marginal cost—yield a set of

clear predictions.

Proposition 1 The bonus cap extinguishes marginal financial incentives for teachers of

high-achieving classes.

A teacher whose expected number of passers meet or exceed the cap has an utility
function: E[U] = Wy + B — C(eg, er; S). It follows that their objective switches from
maximizing passes to minimizing cost to achieve the maximum reward, given by the

derivative with respect to effort, OE[U]/de = —0C/Oe.

Proposition 2 The bonus scheme incentivizes teachers to allocate targeted effort dispro-

portionately toward the “bubble” students.*

A rational teacher allocates costly effort to the margin where the marginal returns to
effort is highest. Both FOCs highlight that effort is sensitive to the number of bubble
students. FOC(er) shows that the marginal benefit of the targeted effort is directly
proportional to the share of bubble students, derived from the integral. On the other
hand, FOC'(eg) implies that the marginal benefit from general instruction is realized by
increasing the number of net additional passers, collectively defined by the terms within

brackets, through two mechanisms. First, additional eq increases the number of passers

451t can also be shown that the bonus scheme incentivizes teachers to engage in targeted instruction.
Because effort is costly (i.e., 0C/der > 0), it follows from FOC(er) that, if b = 0 then e} = 0 for a
rational teacher. A bonus (b > 0) makes the marginal benefit positive, thereby creating incentive for the
teacher to utilize this focused instructional strategy (e > 0).
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by pushing students at the cusp of passing, v(p — g(eg)), into the passing score range,
net of the effect of targeted teaching, (1 — f(er). Second, the density of students at
the bottom of the bubble window, who are close enough to be promoted to the bubble
through eq, can then be converted into passes with the help of targeted teaching, f(er).

Proposition 3 The optimal miz of instructional strategies depends on the teacher’s stu-

dent ability distribution.

Note that, while marginal benefit of additional general instruction effort is sensitive
to the density of students at the boundaries of the bubble window [i.e., v(P — g(eg)) and
v(P — A — g(eg))], the marginal benefit from targeted effort relies on the breadth of the
bubble window. It follows that a utility maximizing teacher’s ratio of optimal efforts will
critically depend on the shape of the bubble window, or loosely, the baseline distribution

(or variance) of student ability.

Proposition 4 The bonus provides lower incentive to teachers with high baseline perfor-

mance.

A teacher’s ‘high baseline performance’ can be characterized by high baseline effec-
tiveness (i.e., high ability to convert effort into student achievement) or by high baseline
student achievement (i.e., a high pre-bonus pass rate). The bonus is less effective for
these teachers due to two reasons. One, diminishing marginal returns to effort. The
model assumes that the production functions for effort are concave (¢” < 0, f” < 0).
A teacher who is highly effective is likely already exerting high level of effort, placing
them on a flatter part of the production curve. This means marginal product of their
additional effort is lower (¢/, f’). As shown in the First order conditions, the marginal
benefit of the bonus is directly proportional to these marginal products. A lower marginal
product therefore translates into a lower marginal benefit, leading to a smaller increase
in effort in response to the incentive. Two, proximity to the bonus cap. A high number of
expected baseline passers (E[Ily]), driven either by a teacher’s high baseline effectiveness
or students’ high baseline ability, reduces a their potential gain from bonus (B — b-E[II,])
due to an existing cap and increases the likelihood that the teacher is in the capped out
regime, where the marginal incentive is zero.
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Proposition 5 The effect of student load (S) on teacher effort is theoretically ambiguous.

The optimal effort, e} for k € {G, T}, is defined implicitly by its FOC, which can
be written as Hy(eg, S) = M Bg(ex, S) — MC(ey,S) = 0. Here, MB and MC refer to
Marginal Benefit and Marginal Cost, respectively. The implicit function theorem states
that dej/dS = —(0Hy/0S)/(0Hy/Dex). The denominator is negative by second order
conditions; hence, the sign of the expression is determined by the sign of its numerator,
0Hy/0S = (OM By, /0S) — (0MC}/0S). From the model’s assumptions both marginal
benefit and marginal cost increase with student load (OM By /dS > 0, the economies of
scale effect; and OMCy/0S > 0, the diseconomies of scale effect). Thus, the effect of

student load, S, on optimal effort is theoretically ambiguous.

Proposition 6 The bonus provides higher incentive to teachers with larger number of

non-passing students.

Denote the bubble window by Np, such that Ny = S [ £  y(a)da. Let, Fy
denote the pool of non-passing students given baseline instructional effort. Because the
bubble window is the upper boundary, [P — A, P), of this distribution, the absolute
number of bubble students is an increasing function the size of the non-passing pool (i.e.,

15)
%Ff>0).

e . « OH},/OF,
For all k£ € {G, T}, the implicit function theorem states that dej/dFy = —%.

The denominator is negative by the second order conditions. And given that the number

of bubble students increase with the number of non-passers (%LFf > 0), the numerator is

positive. Therefore, the effect of the non-passing pool of students, Fp, incentivizes higher

effort.
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B SUPPLEMENTARY FIGURES AND TABLES

FIGURE B.1—FREQUENCY DISTRIBUTION OF TEACHERS’ AVERAGE NUMBER OF
PRE-BONUS PASSERS
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Notes.- This figure plots the frequency distribution of the average number of passing students per
teacher in the pre-bonus period (N = 2,712 continuing AP teachers). Data are grouped into 5-student
bins, with the final bin representing teachers averaging 80 or more passing students.
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FIGURE B.2—FREQUENCY DISTRIBUTION OF TEACHERS’ AVERAGE NUMBER OF
PRE-BONUS STUDENTS
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Notes.- This plot shows the frequency distribution of 2,712 continuing AP teachers’ pre-bonus av-
erage student loads. Data are grouped into 5-student bins, with the final bin representing teachers
averaging 80 or more average pre-bonus students assigned to a teacher.

TABLE B.1—ROBUSTNESS: TREATMENT-COHORT-SPECIFIC ESTIMATES

(1) (2) (3) (4)
Posty>2016 X I(NPass; e < 40) 0.023FF%  0.025%FF  0.026%%F .019%**
(0.007)  (0.007)  (0.008)  (0.007)
Postysao17 X 1(40 < NPass; e < 70)  -0.014*  -0.010  -0.010  0.002
(0.008)  (0.008)  (0.008)  (0.008)

adj. R? 0.20 0.21 0.21 0.52
Observations 383,560 383,560 383,560 383,560
Year FE v v v v
Teacher FE N v v v
Subject FE v v v
Grade FE v

Student FE v

Notes.— This table reports the treatment-cohort-specific estimates. Observations are at the
student-course level. The dependent variable is a binary indicator for achieving a (passing)
score of 3 or higher on the AP exam for a given student-course. The sample includes all
Spring-semester or year-long AP courses from AY 2012-13 through 2018-19, except AP Re-
search and Capstone. The estimates are based on the ‘Analysis Sample’, which is restricted
to students who have taken two or more AP courses with teachers who were observed teaching
in both pre- and post-bonus periods. The coefficients are estimated using linear probability
model; the standard errors are clustered at the teacher level. * p < 0.10; ** p < 0.05; ***
p < 0.01
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FIGURE B.3—RELATIONSHIP BETWEEN TEACHERS’ PRE-TO-POST CHANGE IN
AVERAGE STUDENT LOAD AND CHANGE IN AVERAGE PASS RATE

150+ o Teacher with pre-Bonus Avg. # of Passed Students<70
o Teacher with pre-Bonus Avg. # of Passed Students>=70
—— Linear fit
° o
100

Pre-to-Post A in Avg. Number of Students

o
-100 - © o) Correlation Coefficient = 0.019

-1 -5 0 5 1
Pre-to-Post A in Avg. Pass Rate

Notes.— This scatterplot uses teacher-level data to illustrate the relationship between the pre-to-post
change in pass rate and the pre-to-post change in student load. The sample is restricted to the
2,712 teachers who have taught in both pre- and post-bonus periods.

TABLE B.2—NCAPP RoBUSTNESS CHECK

Within-Teacher Model Difference-in-Differences Model
(1) (2) (3) (4)

Post 0.025%*F%  0.025%**

(0.004) (0.005)
Post x Incentivized, 0.027##%* 0.028**

(0.010) (0.013)

adj. R? 0.52 0.51 0.52 0.51
Observations 383,560 289,825 383,560 289,825
Number of Unique teachers 2,712 2,122 2,712 2,122
NCAPP Target Indicator No No No No
NCAPP Non-Target Sample No Yes No Yes

Notes.— This table reports the estimated coefficients of interest from the within-teacher and the difference-
in-differences models, with full set of fixed effects. The dependent variable is a binary indicator for achieving
a (passing) score of 3 or higher on the AP exam for a given student-course. The NCAPP Non-Target Sample
excludes all observations from 34 school districts targeted by NCAPP at any year during the study period.
The coefficients are estimated using linear probability model; the standard errors are clustered at the teacher
level. * p < 0.10; ** p < 0.05; *** p < 0.01
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FIGURE B.4—EVENT COEFFICIENTS FROM DYNAMIC DIFFERENCE-IN-DIFFERENCES
SPECIFICATION WITHOUT STUDENT FIXED EFFECTS

2013 2014 2015 2016 2017 2018 2019
Year
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m Coefficient (pre) 95% ClI (pre)
& Coefficient (post) mmmssm 95% Cl (post)

Notes.— The coefficients are estimated using the dynamic difference-in-difference specification
(Eq. 4), excluding student fixed effects and including teacher, grade, year, and course fixed
effects. The sample includes all Spring-semester or year-long AP courses between AY 2013-14
and 2018-19, except AP Research and Capstone courses, and restricted to courses linked to
2,712 teachers — who are observed in both pre- and post-bonus periods. The ‘incentivized’
teachers are those with pre-bonus average number of passers below 70.
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TABLE B.3—DIFFERENCE-IN-DIFFERENCES MODEL ESTIMATES USING ALTERNATIVE
THRESHOLDS TO DEFINE UNINCENTIVIZED GROUP

Outcome: AP Exam Pass [ I[(Exam Score>3) |
u__ ® 6 @
A. Incentivized; = [(NPassed, ;.. < 65)
PostxIncentivized;  0.024**  0.026*** 0.029*** 0.027*%*

(0.009) (0.009) (0.009) (0.010)
Pre-bonus Mean 0.51 0.51 0.51 0.51
adj. R? 0.20 0.20 0.21 0.52

B. Incentivized; = [(NPassed, ;.. < 75)
Post xIncentivized; 0.029%** 0.036*** (.038*** 0.036%**

(0.007) (0.007) (0.008) (0.009)
Pre-bonus Mean 0.52 0.52 0.52 0.52
adj. R? 0.20 0.21 0.21 0.52
Observations 383,560 383,560 383,560 383,560
Year FE v v v ve
Teacher FE v v v ve
Subject FE v v v
Grade FE v
Student FE ve

Notes.— This table reports regression estimates from the difference-in-differences model (Eq. 3).
Observations are at the student-course level. The sample includes all Spring-semester or year-
long AP courses between AY 2013-14 and 2018-19, except AP Research and Capstone courses,
and restricted to student-course of multiple AP course enrollees linked to 2,712 teachers — who
are observed in both pre- and post-bonus periods. The ‘incentivized’ teachers are those with
pre-bonus average number of passed exams below the indicated threshold in each panel. The
coefficients are estimated using linear probability model; the standard errors are clustered at the
teacher level. * p < 0.10; ** p < 0.05; *** p < 0.01
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FIGURE B.5—EVENT COEFFICIENT ESTIMATES FROM DYNAMIC
DIFFERENCE-IN-DIFFERENCES MODEL USING ALTERNATIVE THRESHOLDS TO DEFINE
UNINCENTIVIZED GROUP
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Notes.- The coefficients are estimated using Equation 4 and Linear probability model. The sample
includes all Spring-semester or year-long AP courses between AY 2012-13 and 2018-19, except AP
Research and Capstone courses, and restricted to courses linked to 2,712 teachers — who are observed
in both pre- and post-bonus periods. The ‘incentivized’ teachers are those with pre-bonus average
number of passers below 60 in (a) and 70 in Panel (b).
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TABLE B.4—DIFFERENCE-IN-DIFFERENCES ESTIMATES FROM POST-WAIVER SAMPLE
(AY2014-15 THROUGH AY2018-19)

(1) (2) (3)

A. Outcome: Exam Pass

PostxIncentivized; = I(NPassed;,,. < 65) 0.023

(0.015)
PostxIncentivized; = I(NPassed; . < 70) 0.013
(0.019)
Post xIncentivized; = I(NPassed; .. < 75) 0.027**
(0.012)
Pre-bonus Mean 0.52 0.53 0.53
adj. R? 0.52 0.52 0.52
B. Outcome: Exam Participation
Post xIncentivized; = I(NPassed, ;.. < 65) -0.008
(0.013)
Post xIncentivized; = I(NPassed, ;.. < 70) -0.017
(0.017)
PostxIncentivized; = I(NPassed; . < 75) 0.002
(0.005)
Pre-bonus Mean 0.94 0.94 0.94
adj. R? 0.46 0.46 0.46
Observations 265,575 265,575 265,575
Number of Unique teachers 2,350 2,350 2,350
Year FE v v v
Teacher FE v v v
Subject FE v v v
Grade FE
Student FE v v v

Notes.— This table reports difference-in-differences estimates restricting the sample to the post fee waiver
period. The sample includes all Spring-semester or year-long AP courses between AY 2014-15 and 2018-
19, except AP Research and Capstone courses, and restricted to student-course of multiple AP course
enrollees linked to 2,350 teachers — who are observed in both AY 2014-15 and later. Each column reports
estimates based on different definition of ‘incentivized’ teachers. The coefficients are estimated using
linear probability model; the standard errors are clustered at the teacher level. * p < 0.10; ** p < 0.05;
¥ p < 0.01
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TABLE B.5—WITHIN-STUDENT MODEL ESTIMATES

(1) (2) (3)
A. Outcome: Exam Pass
Post 0.020%**  0.020%** (0.021%**
(0.005) (0.004) (0.005)

Pre-bonus Mean 0.57 0.57 0.57
adj. R? 0.44 0.47 0.53
B. Outcome: Exam Participation
Post 0.005%* 0.004 0.001
(0.002) (0.002) (0.003)
Pre-bonus Mean 0.95 0.95 0.95
adj. R? 0.34 0.35 0.45
Student FE v v v
Grade FE v v v
Subject FE v v
Teacher FE N4
Observations 125,984 125984 125,984

Number of Students 26,998 26,998 26,998

Notes.— The sample includes all Spring-semester or year-long AP courses between AY
2012-13 and 2018-19, except AP Research and Capstone courses, and restricted to
courses taken by students — who are observed in both pre- and post-bonus periods.
* p < 0.10; ** p < 0.05; *** p < 0.01
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TABLE B.6——EFFECTS ON AP SCORE DISTRIBUTION (WITHIN-TEACHER MODEL)

AP Exam Score:

1 2 3 4 5
A. Non-cumulative: Outcome = I(Score= k)
Post -0.010***  -0.003 -0.003  0.013***  (0.016%**
(0.003) (0.004)  (0.004)  (0.004)  (0.003)
Pre-bonus Mean 0.15 0.20 0.23 0.19 0.12
adj. R? 0.45 0.22 0.13 0.15 0.37
B. Cumulative: Outcome = I(Score> k)
Post 0.012%*%  0.022%**  0.026™** 0.029%** 0.016***
(0.003)  (0.004)  (0.004)  (0.004)  (0.003)
Pre-bonus Mean 0.89 0.75 0.54 0.31 0.12
adj. R? 0.48 0.49 0.52 0.48 0.37
Observations 383,560 383,560 383,560 383,560 383,560

Notes.— This table reports regression estimates from the within-teacher model (Eq. 1). Obser-
vations are at the student-course (enrollment) level. The sample includes all Spring-semester
or year-long AP courses between AY 2012-13 and 2018-19, except AP Research and Capstone
courses. The estimates are based on the ‘Analysis Sample’, which is restricted to students
who have taken two or more AP courses with teachers who were observed teaching in both
pre- and post-bonus periods. The coefficients are estimated using linear probability model;
the standard errors are clustered at the teacher level.
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FIGURE B.6—RELATIONSHIP BETWEEN TEACHERS’ (ALTERNATIVE) BASELINE CLASS
CHARACTERISTICS AND PRE-TO-POST-BONUS CHANGE IN PASS RATE
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Notes.- This binned scatterplot illustrates the relationship between teachers’ pre-bonus average number of
passers and their pre-to-post change in pass rate. The plot uses teacher-level aggregate data from the sample
of 2,712 continuing AP teachers. The number of bins and confidence intervals are selected using the data-
driven procedure of Cattaneo et al. (2024).
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TABLE B.7—DISTRIBUTIONAL EFFECT ESTIMATES FROM
DIFFERENCE-IN-DIFFERENCES MODEL USING CONTINUING TEACHER SAMPLE

AP Exam Score:
1 2 3 4 5

A. Non-cumulative: Outcome = I(Score= k)

PostxIncentivized;  0.000  0.004  -0.004  0.020%%* 0.014*
(0.006)  (0.005)  (0.007)  (0.007)  (0.007)

Pre-bonus Mean 0.18 0.21 0.21 0.16 0.09
adj. R? 0.18 0.07 0.05 0.07 0.14

B. Cumulative: Outcome = I(Score> k)

Post xIncentivized; 0.035%%% 0.035%%% 0.030%%* 0.034%%F  0.014*
(0.010)  (0.011)  (0.011)  (0.010)  (0.007)

Pre-bonus Mean 0.85 0.68 0.47 0.25 0.09
adj. R? 0.22 0.22 0.21 0.19 0.14
Observations 484,611 484,611 484,611 484,611 484,611

Notes.— This table reports regression estimates from the difference-in-differences model (Eq.
3), including teacher, grade, course, and year fixed effects. Observations are at the student-
course level. The sample includes all Spring-semester or year-long AP courses between AY
2013-14 and 2018-19, except AP Research and Capstone courses, linked to 2,712 teachers —
who are observed in both pre- and post-bonus periods. The ‘incentivized’ teachers are those
with pre-bonus average number of passed exams below 70. The coefficients are estimated
using linear probability model; the standard errors are clustered at the teacher level. *
p < 0.10; ** p < 0.05; *** p < 0.01

A17



TABLE B.8—HETEROGENEITY BY TEACHERS' BASELINE (POLYNOMIAL FIT)

Outcome: AP Exam Pass= [(Exam Score>3)

(1)

2)

(3)

Postx (NPass; pre/100)  -0.081%%% -0,198%% 0,327
(0.012)  (0.026) (0.047)
Post x (NPass; . /100)? 0.089*** 0.328%**
(0.020) (0.078)
Postx (NPass; . /100)? -0.107%**
(0.032)
Postx (NFail; pre/100)  0.000%%%  .253%%* 0.206%**
(0.021)  (0.033) (0.085)
Post x (NFail; e /100)2 10,182 -0.295
(0.033) (0.227)
Post x (NFail e /100)? 0.073
(0.139)
adj. R? 0.52 0.52 0.52
Observations 383,560 383,560 383,560

Notes.— This table reports regression estimates from the continuous difference-in-differences model,
including higher-order polynomial of the interaction terms. The dependent variable is a binary
indicator for achieving a (passing) score of 3 or higher on the AP exam for a given student-course.
Observations are at the student-course level. The sample includes all Spring-semester or year-long AP
courses between AY 2013-14 and 2018-19, except AP Research and Capstone courses, and restricted
to student-course of multiple AP course enrollees linked to 2,712 teachers — who are observed in both
pre- and post-bonus periods. The ‘incentivized’ teachers are those with pre-bonus average number of
passed exams below the indicated threshold in each panel. The coefficients are estimated using linear
probability model; the standard errors are clustered at the teacher level. * p < 0.10; ** p < 0.05;
*x p < 0.01

TABLE B.9—HETEROGENEITY BY TEACHERS’ BASELINE PASS RATE AND STUDENT
LOAD

Outcome: AP Exam Pass= I(Exam Score>3)

(1) 2) (3)
Post x PassRate; . -0.169*** -0.168%***
(0.013) (0.013)
Post x (NStudents; ,./100) -0.018** -0.010
(0.009) (0.009)
adj. R? 0.52 0.52 0.52
Observations 383,560 383,560 383,560

Notes.— This table reports regression estimates from the continuous difference-in-differences
specification (Eq. 3), including teacher, course, year, and student fixed effects. The depen-
dent variable is a binary indicator for achieving a (passing) score of 3 or higher on the AP
exam for a given student-course. The sample includes all Spring-semester or year-long AP
courses from AY 2012-13 through 2018-19, except AP Research and Capstone. The estimates
are based on the ‘Analysis Sample’, which is restricted to students who have taken two or
more AP courses with teachers who were observed teaching in both pre- and post-bonus
periods. The coefficients are estimated using linear probability model; the standard errors
are clustered at the teacher level. * p < 0.10; ** p < 0.05; *** p < 0.01
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*Physics C: Electricity And Magnetism(0.08
*Studio Art: 2-D Design(0.06

*Studio Art: Drawing(0.04)

*Studio Art: 3-D Design(0.01)

Subjects

FIGURE B.7-—HETEROGENEITY ACROSS AP SUBJECTS (COMBINED GRAPH)

Biology(1.61)

Environmental Science(11.2)
*Physics 2: Algebra-Based(0.13)

Calculus BC(3.19)
Statistics(8.25)

*Physics 1: Algebra-Based(0.98)
Computer Science A(0.86)
*Physics C: Mechanics(0.17)

Calculus AB(8.51)
Chemistry(2.42)

~——

*Art History(0.46)
*Music Theory(0.42

Comparative Gov & Politics(0.81

World History(4.27

Microeconomics(0.42

)

3

US Government & Politics(5.51;
Human Geography(6.50;

*Macroeconomics(0.66
U.S. History(14.1)
Psychology(10.8)

European History(2.47)

*Chinese Language And Culture(0.00)

panish Language(0.20)
Spanish Literature(0.04)

*French Language And Culture(0.08)
English Language And Composition(9.24)

*Latin(0.07)

*English Literature And Composition(5.11)
*German Language And Culture(0.03)
*Japanese Language And Culture(0.02)

Notes.— See Figure 7b notes.
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TABLE B.10—ESTIMATES FOR DEMOGRAPHIC HETEROGENEITY

(1) (2) (3)

A. Difference-in-Differences

Post x Incentivized; 0.019 0.023* 0.025**
(0.012)  (0.012)  (0.012)

Post xIncentivized; x Female; 0.009
(0.006)
Post x Incentivized; x Low-SES;, 0.006
(0.007)

Post xIncentivized; x URM; -0.004

(0.007)
Difference in Pre-bonus Mean -0.05 -0.23 -0.23
adj. R? 0.52 0.52 0.52

B. Within-Teacher Model

Post 0.010%  0.025%%* (.026%**
(0.005)  (0.004)  (0.004)

Post x Female; 0.028***
(0.006)
Post x Low-SES;; 0.008
(0.007)
Post x URM; 0.002
(0.005)
Difference in Pre-bonus Mean -0.05 -0.24 -0.23
adj. R? 0.52 0.52 0.52
Observations 383,560 383,560 383,560
Number of Unique teachers 2,712 2,712 2,712

Notes.— This table reports regression estimates from the heterogeneous difference-in-differences
model (Eq. 5). Observations are at the student-course level. The sample includes all Spring-
semester or year-long AP courses between AY 2012-13 and 2018-19, except AP Research and
Capstone courses, and restricted to student-course of multiple AP course enrollees linked to 2,712
teachers — who are observed in both pre- and post-bonus periods. The ‘incentivized’ teachers are
those with pre-bonus average number of passed exams below 70. The coefficients are estimated
using linear probability model; the standard errors are clustered at the teacher level. * p < 0.10;
** p < 0.05; ¥** p <0.01
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FIGURE B.8HETEROGENEITY BY LOCALE (COMBINED GRAPH)
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Notes.- The estimated effects are from heterogeneous within-teacher and difference-in-
differences models, with full set of fixed effects. For further details see the text and Table 3

notes.
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TABLE B.11-—HETEROGENEITY BY TEACHER EXPERIENCE

(1)

(2)

(3)

(4)

Post xIncentivized; 0.022*%* 0.027** 0.029** 0.022*
(0.011) (0.011) (0.011) (0.013)
Post xIncentivized; x Early-Career;  -0.003  -0.005  -0.006  -0.000
(0.008)  (0.008) (0.008) (0.006)
Post x Incentivized; x Novice; 0.017 0.017 0.018*  0.014*
(0.011)  (0.011) (0.011) (0.007)
Pre-bonus Mean 0.52 0.52 0.52 0.52
adj. R’ 020 021 021  0.52
Observations 383,560 383,560 383,560 383,560
Year FE v v v v
Teacher FE v v v v
Subject FE v v v
Grade FE v
Student FE v

Notes.- This table reports regression estimates from the heterogeneous difference-in-differences model (Eq. 5). Ob-
servations are at the student-course level. The sample includes all Spring-semester or year-long AP courses between
AY 2013-14 and 2018-19, except AP Research and Capstone courses, and restricted to student-course of multiple AP
course enrollees linked to 2,712 teachers — who are observed in both pre- and post-bonus periods. The ‘incentivized’
teachers are those with pre-bonus average number of passed exams below 70. The coefficients are estimated using linear
probability model; the standard errors are clustered at the teacher level. Based on their initial pre-bonus experience,
teachers are assigned to Novice (less than 5 years), Early-Career (5 to 9 years), or Veteran (10 or more years) categories.

* p < 0.10; ¥* p < 0.05; *** p < 0.01
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FIGURE B.9—DISTRIBUTION OF TEACHER EXPERIENCE
(INCENTIVIZED VERSUS UNINCENTIVIZED TEACHERS, DEFINED BY ALTERNATIVE THRESHOLD)
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1 1

.01
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Pre-bonus Experience in Years

Incentivized (NPassPre<65) ————- Unincentivized (NPassPre>=65)

Notes.— Kernel density estimate of pre-bonus teacher experience (in years), separated by incentivized
and unincentivized status. The ‘incentivized’ teachers are those with pre-bonus average number of
passed exams below 65. The sample includes 2,712 continuing AP teachers observed in both pre-
and post-bonus periods. A bandwidth of 5 years was used for the estimation.
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FIGURE B.10—HETEROGENEITY BY TEACHER EXPERIENCE (INCENTIVIZED GROUP
DEFINING THRESHOLD: 65 AVERAGE PRE-BONUS PASSERS)

0.06

Estimate

Novice Early-Career Veteran

95% CI

Notes.— This figure plots the regression estimates from the heterogeneous difference-in-
differences model (Eq. 5), with teacher, grade, course, year, and student fixed effects. For

further details see the text and Table 3 notes.

A24



TABLE B.12—REGRESSION ESTIMATES

(1) (2) (3) (4) (5) (6)
A. Full Sample
Post 0.039%**  0.032*** (.027*** - -
(0.006) (0.006) (0.004) - - -
Pre-bonus Mean 0.46 0.46 0.46 - - -
adj. R? 0.01 0.03 0.24 - - -
Observations 774,616 774,616 774,616 - - -
B. Matched Sample
Post 0.036***  0.020%** (0.024*** 0.022*** (.021*** -
(0.006) (0.006) (0.005) (0.004) (0.004) -
Pre-bonus Mean 0.46 0.46 0.46 0.46 0.46 -
adj. R? 0.00 0.02 0.24 0.23 0.35 -
Observations 693,634 693,634 693,634 693,634 693,634 -
C. Continuing Teacher Sample
Post 0.030%**  0.024*** (0.017*** 0.022*** (.020%** -
(0.007) (0.006) (0.005) (0.004) (0.004) -
Pre-bonus Mean 0.49 0.49 0.49 0.49 0.49 -
adj. R? 0.00 0.03 0.24 0.21 0.34 -
Observations 484,611 484,611 484,611 484,611 484,611 -
D. Analysis Sample
Post 0.020%*%*  0.020%**  0.012**  0.019*** (0.017*** 0.026***
(0.007) (0.007) (0.006) (0.004) (0.004) (0.005)
Pre-bonus Mean 0.54 0.54 0.54 0.54 0.54 0.54
adj. R? 0.00 0.03 0.22 0.21 0.33 0.52
Observations 383,560 383,560 383,560 383,560 383,560 383,560
Subject FE v v v v v
Grade FE v v v v v
Student Covariates v v
Teacher FE v v v
Student FE v

Notes.- This table reports regression estimates from various specifications of within-teacher model (Eq. 1). The
dependent variable is a binary indicator for achieving a (passing) score of 3 or higher on the AP exam for a
given student-course. Observations are at the student-course level. Each panel reports estimates from a different
sample of AP courses described in Section 4A. The coefficients are estimated using linear probability model,
and for consistency, the standard errors are clustered at the school level. * p < 0.10; ** p < 0.05; *** p < 0.01
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