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The pivotal role of algebra in the educational trajectories of U.S. students con-
tinues to motivate high-profile policies focused on when students access the
course, their peers, and how it is taught. This random-assignment partnership
study examined an innovative district-level reform—the Algebra I
Initiative—that placed ninth grade students with prior math scores below
grade level into Algebra I classes coupled with teacher training instead of
a remedial pre-algebra class. We found that this reform significantly
increased grade 11 math achievement (extreme spread = 0.2 SD) without
lowering the achievement of classroom peers. This initiative also increased
attendance and district retention. These results suggest that higher expecta-
tions for the lowest-performing students coupled with aligned teacher supports
is a promising model for realizing students’ mathematical potential.
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Introduction

High school mathematics attainment has significant consequences for
postsecondary and labor-market outcomes (Altonji, 1995; Goodman, 2019;
Kim, 2018; Long et al., 2012). Notably, Goodman (2019) estimated that an
additional year of high school math completion improves future income by
10% for Black (but not White) students.1 Improved access to lucrative science,
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technology, engineering, and mathematics (STEM) careers drives this effect
and implies that greater development of latent human capital in minoritized
youth through high school math coursework is a lever to reduce economic
inequality. Yet, enrollment in advanced courses (i.e., those requiring comple-
tion of Algebra II) is starkly stratified by race, class, and ethnicity (Ayalon &
Gamoran, 2000; Schiller & Hunt, 2011). Black, Hispanic, and poor students
complete fewer college preparatory math classes than their White, Asian,
and affluent peers (Conger et al., 2009). Fragmented math enrollment patterns
also undermine school-level equity goals by exacerbating within-school eth-
noracial segregation (Clotfelter et al., 2021; Dalane & Marcotte, 2020).
Because stratification is driven primarily by within-school assignment practi-
ces (Antonovics et al., 2022; Betts, 2011; Clotfelter et al., 2021), tracking—the
practice of sorting students on the basis of prior achievement or perceived
ability—has long been critiqued as an inherently unequal method for distrib-
uting educational opportunities (e.g., Oakes, 2005).

Policy efforts to reduce these disparities have centered on the founda-
tional high school math course: Algebra I. The well-established correlations
between the accelerated take-up of algebra and improved outcomes such
as stronger high school math test scores and course progressions (Gamoran
& Hannigan, 2000; Stein et al., 2011) motivate this focus. Toward the end of
the 20th century, the Algebra-for-All movement criticized Algebra I assign-
ment practices for creating a bottleneck in student entry to rigorous math clas-
ses. Early Algebra I access was recognized as a concern grounded in
fundamental fairness and educational civil rights (Moses & Cobb, 2001).
Conversely, restricting early take-up of algebra was seen as gatekeeping
(Gamoran & Hannigan, 2000; Oakes et al., 1990).

The Algebra-for-All movement dramatically increased the prevalence of
acceleration into early Algebra I in the United States. For example, Chicago
Public Schools eliminated prealgebra in ninth grade so that all freshmen
would enroll in Algebra I or higher (Allensworth et al., 2009). In California,
the share of eighth graders enrolled in Algebra I grew from 16% in 1999 to
65% in 2013 (McEachin et al., 2020). Many districts opted to accelerate middle
schoolers into Algebra I—widely and even universally—to reduce academic
stratification across secondary math courses. That is, acceleration became
the predominant strategy to reduce the role of tracking in stratifying student
access to advanced math courses. More recently, some districts have instead
attempted to preempt the emergence of stratified math tracks through contro-
versial polices that uniformly delay Algebra I access until high school (e.g.,
Huffaker et al., 2025). The Algebra I (A1) Initiative studied here is in the tra-
dition of detracking interventions that accelerate access, but, critically, it
does so with the addition of novel instructional supports.

A substantial body of quasi-experimental evidence indicates that acceler-
ation into Algebra I academically benefits well-prepared students but carries
negative consequences for lower-performing students (Allensworth et al.,
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2009; Clotfelter et al., 2015; Dougherty et al., 2015; Heppen et al., 2011;
Lafortune, 2018; McEachin et al., 2020). These results suggest some
advantages to tracking students into different math courses using baseline
achievement measures. Indeed, evaluations of targeted acceleration strategies
(i.e., using test scores to assign or encourage students to take advanced
coursework—a form of tracking) identify positive effects on educational
attainment (Austin et al., 2024; Card & Giuliano, 2024; Dougherty et al.,
2017). Complementary causal analyses have found that grouping students
homogeneously by proficiency can carry benefits across the achievement
distribution (Card & Giuliano, 2016; Cohodes, 2020; Collins & Gan, 2013;
Cortes & Goodman, 2014; Duflo et al., 2011; Figlio & Page, 2002). A dominant
explanation for these findings is that tracking facilitates efficiency in instruc-
tional targeting (e.g., Duflo et al., 2011). That is, achievement-based grouping
lessens the technical burden of differentiation for classroom teachers by
reducing within-classroom variation in student preparedness. In a tracked
class, teaching to the middle approximates teaching at the speed of learning
for a larger share of the class (Good et al., 1978). Detracking, by contrast, intro-
duces greater diversity in within-classroom student needs and can exacerbate
pedagogic challenges (Rosenbaum, 1999).

However, there are equity-oriented concerns about tracking students into
homogeneous classrooms according to baseline achievement. For example,
because prior educational opportunity is correlated with ethnoracial and
socioeconomic status, tracking necessarily increases within-school segrega-
tion (Clotfelter et al., 2021; Conger, 2005). Where such stratification reduces
the prevalence of diverse and inclusive classroom environments, it impedes
the democratic and social aspirations for schooling (Brighouse et al., 2018;
Labaree, 1988). This dynamic also can create powerfully self-reinforcing
and inequitable patterns in longer-run student engagement. When students
lack role models with shared identities in rigorous courses, they are in turn
less inclined to pursue advanced math classes (Francis & Darity, 2021).
Similarly, Legette and Kurtz-Costes (2021) noted that even after controlling
for baseline achievement, students’ sense of belonging and motivation in
school are negatively associated with assignment to a low-status track.
Tracking also can amplify inequity by influencing teacher expectations and
effectiveness. A body of qualitative evidence has indicated that teachers per-
ceive students in lower-level tracks as having limited capacity for growth and
accordingly reduce the rigor and richness of their pedagogy. Students in
lower-level classes are also more likely to be taught by novice teachers
(Kalogrides & Loeb, 2013).

In sum, the literatures on math acceleration and tracking surface vexing
tensions for any effort that simultaneously seeks to support both mathematical
excellence and broad opportunity. An effective solution would need to avoid
the negative consequences of tracking students by prior achievement but still
harness the academic benefits of appropriately differentiated instruction for
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math learners. For example, evidence from Chicago has suggested that the tar-
geted provision of additional instructional time (i.e., double-dose math),
although expensive, protects low-performing students in algebra classes
from the academic harm of acceleration (Nomi & Allensworth, 2009). This
partnership study provides evidence on the student-level impacts of an inno-
vative approach—the A1 Initiative—that bundles the acceleration of lower-
performing students into algebra with a different, classroom-focused strategy:
capacity building for high-quality, differentiated instruction.

The A1 Initiative presents a unique opportunity to study the impact of an
intensive effort to improve instructional quality paired with targeted detrack-
ing. Specifically, the A1 Initiative reduced the prevalence of academic tracking
within a diverse, medium-sized school district by reducing the number of
math tracks for ninth graders deemed at or below grade level (i.e., two thirds
of the entry cohort) from three pathways to one.2 In its inaugural year, eligible
ninth grade students were randomized into either the control condition (i.e.,
their conventional assignment to a remedial prealgebra class or to algebra,
based on prior achievement) or to the treatment condition. The A1 Initiative
classrooms therefore featured both heterogeneously grouped students and
teachers who received unique professional development (e.g., on strategies
for instructional differentiation) and additional resources (e.g., more planning
time). Although we cannot disentangle the separate effects of each compo-
nent, the bundle of interventions that comprises this novel program was
piloted under random assignment. Specifically, we address the following:

1. Preregistered confirmatory research question: For each baseline achievement
level, what is the impact of assignment to the A1 Initiative on a standardized
test score?

2. Exploratory research question: For each baseline achievement level, what is the
impact of assignment to the A1 Initiative on attendance, math course enrollment
and attainment, and student enrollment status?

This study presents an opportunity for researchers and practitioners to
better understand the promise of instructional improvement as a strategy
for promoting both high expectations and inclusivity in math pathways.

The A1 Initiative: Program Features and Related Research

The A1 Initiative was a response to persistent math achievement dispar-
ities in an ethnoracially and socioeconomically diverse suburban school dis-
trict in California’s Bay Area (i.e., the Sequoia Union High School District). The
district serves students across four comprehensive high school and three alter-
native high schools. At the time of the intervention, roughly 40% of its students
were socioeconomically disadvantaged, 13.5% were classified as English
learners, and 43% identified as Hispanic, 8% as Asian, and 39% as White.
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Although the district performed above state averages on English language arts
and mathematics assessments in years preceding the A1 Initiative, scores were
highly stratified by race, ethnicity, and residential ZIP Code. Specifically, more
than three quarters of White and Asian students in the graduating classes of
2017 through 2020 met University of California admissions criteria in math
compared with fewer than half of Black and Hispanic students.

The district identified ninth grade math assignment practices as a potential
driver of these disparities. This inference is consistent with the evidence on
the pivotal role ninth grade plays in shaping student trajectories (e.g, Krone
Phillips, 2019). Prior to the A1 Initiative, the district implemented the
California Math Placement Act of 2015 using the placement scheme depicted
in Figure 1. The act required districts to use transparent and nondiscretionary
methods for math course assignment, reducing the reliance on teacher or
counselor recommendations, which may be subject to implicit bias
(Grissom & Redding, 2016). Specifically, the district sorted students across
freshman math courses using middle school transcripts and test scores.
Because incoming Black and Hispanic freshmen were disproportionately
likely to be classified as having below-grade-level proficiency, this practice
resulted in ethnoracially stratified math enrollment. The A1 Initiative aimed

Figure 1. Placement chart for rising ninth graders who took Common Core Math-8

in eighth grade (Sequoia Union High School District, 2018).
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to redress disparities without reducing achievement for any student group
using two key strategies. It combined all treatment-assigned students entering
high school at or below grade level into Algebra I classes (i.e., acceleration).
Critically, the district also provided targeted professional support and develop-
ment for teachers of these classes to implement new pedagogic approaches.

Detracking and Heterogeneous Classrooms

By detracking students at or below grade level, the A1 Initiative created
math classes with greater heterogeneity in baseline proficiency. Nearly two
thirds of the freshman class were eligible to be placed in an A1 Initiative sec-
tion.3 The remaining third, who entered high school above grade level,’’ were
excluded from the randomization and, therefore, our analytic sample. Instead,
they were placed in geometry or higher per the business-as-usual practices
summarized in Figure 1. The A1 Initiative thus can be accurately characterized
as a partial detracking policy. For those randomly assigned to treatment, the
A1 Initiative collapsed the number of ninth grade math pathways from three to
one. Students who otherwise would have been assigned, based on prior
achievement, to ‘‘Algebra Readiness’’ (i.e., remedial prealgebra), ‘‘Algebra I
with Support’’ (i.e., a double-dose option), or ‘‘Algebra I’’ (i.e., the standard
grade-level track) were combined into A1 Initiative sections. As a result,
assignment to an A1 Initiative class exposed students to a different mix of
peers than assignment to a business-as-usual section.

These issues suggest that the per se impact of A1 Initiative classes could, in
theory, be confounded by other distinctive classroom traits (e.g., teachers and
student peers). Discussions with our district partners indicated that there was
not a consistently purposive pattern of teacher assignment to A1 Initiative class-
rooms. However, we explore these issues empirically in Table 1 and Appendix
Table A7 in the online version of the journal by reporting the results of auxiliary
regressions that examine the impact of the intent to treat (ITT)—random assign-
ment to an A1 Initiative classroom—on measures of students’ classrooms.4

These results indicate that the treatment teachers were no more experienced
than control-group teachers and that they also were generally similar with
regard to the probability of having an advanced degree or national board cer-
tification.5 For below-grade-level students. being assigned to the A1 Initiative
rather than Algebra Readiness does increase the likelihood that students have
a Hispanic or Asian or Pacific Islander teacher but decreases the probability
they have a White teacher or a same-race teacher (see Supplementary Table
A9 in the online version of the journal).6 Given the positive relationship
observed between student–teacher racial congruence and academic achieve-
ment in prior studies (Egalite et al., 2015; Redding, 2019), if anything, this would
downwardly bias achievement for students assigned to treatment. Otherwise,
teacher demographic traits—including age, gender, and gender match—are
broadly equivalent across conditions.

Dee and Huffaker

312



T
a
b
le

1

In
te

n
t-

to
-t

re
a
t

(I
T

T
)

e
ff

e
c
ts

o
f

th
e

A
1

In
it

ia
ti

v
e

o
n

p
e
e
r

a
n

d
te

a
c
h

e
r

tr
a
it

s

A
ch

ie
v
e
m

e
n
t
st

ra
tu

m

P
e
e
r
ch

ar
ac

te
ri
st

ic
s

C
la

ss
ro

o
m

ch
ar

ac
te

ri
st

ic
s

%
F
e
m

al
e

%
F
R
P
L

%
E
n
g
li
sh

le
ar

n
e
r

%
H

is
p
an

ic
%

W
h
it
e

%
A
si

an
/P

ac
if
ic

Is
la

n
d
e
r

%
B
la

ck
B
as

e
li
n
e

m
at

h
ac

h
ie

v
e
m

e
n
t

T
e
ac

h
e
r
h
as

ad
v
an

ce
d

ce
rt
if
ic

at
io

n

Y
e
ar

s
o
f

te
ac

h
e
r

e
x
p
e
ri
e
n
ce

C
la

ss
si

ze

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

(9
)

(1
0
)

(1
1
)

IT
T

3
at

g
ra

d
e

le
v
e
l

–
2
.5

1
2
6

(2
.0

2
0
0
)

–
7
.4

4
5
3
*
*

(3
.1

6
0
0
)

2
.3

5
4
1

(2
.0

5
1
3
)

–
1
.3

7
1
4

(3
.1

0
5
5
)

3
.3

9
4
2

(3
.1

7
1
1
)

–
1
.8

8
1
3

(2
.5

3
6
2
)

–
0
.5

9
5
5

(0
.8

0
3
7
)

0
.0

5
6
8

(0
.0

8
6
5
)

–
0
.2

6
4
4
*
*

(0
.1

1
9
6
)

–
2
.6

7
4
0

(2
.1

1
6
8
)

0
.3

8
6
5

(1
.0

9
9
4
)

IT
T

3
n
e
ar

ly
at

g
ra

d
e

le
v
e
l

–
3
.1

4
1
8

(1
.9

0
8
5
)

1
3
.5

8
2
9
*
*
*
*

(2
.7

7
8
9
)

–
2
.5

0
7
0

(3
.0

7
6
0
)

–
5
.7

3
4
9
*

(3
.0

3
9
3
)

6
.2

6
2
0
*
*

(2
.6

9
7
8
)

0
.7

0
9
6

(1
.9

8
5
6
)

1
.7

8
3
4
*

(1
.0

6
5
4
)

0
.2

9
8
9
*
*
*
*

(0
.0

8
5
1
)

–
0
.0

4
1
6

(0
.0

3
9
9
)

0
.9

2
0
8

(1
.5

7
6
0
)

0
.2

5
9
0

(0
.7

8
6
5
)

IT
T

3
b
e
lo

w
g
ra

d
e

le
v
e
l

–
1
.0

9
6
2

(4
.5

0
4
7
)

2
9
.8

9
6
9
*
*
*
*

(3
.2

4
4
4
)

3
4
.2

7
2
2
*
*
*
*

(3
.6

2
4
4
)

1
6
.3

4
6
9
*
*
*
*

(3
.3

8
8
3
)

2
2
.2

0
6
5
*
*
*
*

(2
.6

5
5
3
)

–
2
.6

4
4
7

(2
.1

8
6
7
)

–
3
.9

9
2
5

(2
.4

1
9
6
)

1
.2

9
1
3
*
*
*
*

(0
.0

6
6
9
)

0
.0

3
2
2

(0
.0

4
9
9
)

0
.3

6
8
5

(1
.2

2
5
6
)

6
.3

3
3
6
*
*
*
*

(1
.7

6
4
7
)

N
e
ar

ly
at

g
ra

d
e

le
v
e
l

1
.0

3
3
9

(4
.4

5
2
5
)

1
5
.1

3
4
3
*
*
*
*

(2
.8

4
7
5
)

3
2
.3

2
9
7
*
*
*
*

(4
.4

6
9
2
)

–
9
.7

8
9
6
*
*
*

(3
.3

6
6
6
)

1
4
.7

1
6
9
*
*
*
*

(2
.6

5
4
8
)

–
2
.5

0
1
7

(2
.0

8
7
4
)

–
2
.7

5
4
1

(2
.4

4
2
0
)

1
.0

1
7
3
*
*
*
*

(0
.0

8
2
5
)

0
.0

6
4
4

(0
.0

3
9
8
)

–
0
.5

2
7
4

(1
.5

0
0
7
)

6
.6

7
0
9
*
*
*
*

(1
.7

5
9
1
)

B
e
lo

w
g
ra

d
e

le
v
e
l

0
.8

5
7
7

(4
.5

5
4
9
)

2
1
.6

8
9
2
*
*
*
*

(3
.8

4
5
2
)

3
8
.5

1
3
4
*
*
*
*

(3
.7

3
7
0
)

1
5
.4

3
1
7
*
*
*
*

(3
.2

7
6
5
)

1
9
.1

0
2
1
*
*
*

(2
.7

9
2
9
)

–
0
.1

9
0
5

(2
.6

7
0
9
)

–
3
.7

2
5
2

(2
.5

3
5
4
)

1
.3

0
8
5
*
*
*
*

(0
.0

9
9
1
)

0
.2

3
0
3
*
*

(0
.0

9
7
4
)

2
.9

6
1
8

(2
.0

1
8
7
)

6
.8

4
2
6
*
*
*
*

(1
.8

6
5
7
)

p
V
al

u
e

(H
0
:

b
1

=
b

2
=

b
3

.4
4
5
3

.0
0
0
0

.0
0
0
0

.0
0
0
1

.0
0
0
0

.2
1
3
0

.2
2
3
2

.0
0
0
0

.1
2
0
7

.1
2
5
7

.0
0
8
0

C
o
n
tr
o
l
m

e
an

if
b
e
lo

w
g
ra

d
e

le
v
e
l

4
9
.5

0
0
4

7
8
.5

1
1
4

5
0
.5

2
8
4

7
2
.6

9
5
0

7
.9

2
5
9

1
0
.0

5
1
2

9
.1

7
9
0

–
1
.2

2
1
4

0
.9

3
7
5

9
.5

3
1
2

1
9
.7

0
4
1

O
b
se

rv
at

io
n
s

1
,0

3
9

1
,0

3
9

1
,0

3
9

1
,0

3
9

1
,0

3
9

1
,0

3
9

1
,0

3
9

1
,0

3
9

1
,0

3
5

1
,0

3
5

1
,0

3
9

F
R
P
L,

fr
e
e

o
r
re

d
u
ce

d
-p

ri
ce

lu
n
ch

N
o
te

s:
T
h
is

ta
b
le

su
m

m
ar

iz
e
s

th
e

e
ff
e
ct

o
f
as

si
g
n
m

e
n
t
to

th
e

A
1

In
it
ia

ti
v
e

o
n

p
e
e
r
an

d
te

ac
h
e
r
ch

ar
ac

te
ri
st

ic
s.

C
o
lu

m
n
s

(1
)

th
ro

u
g
h

(8
)

p
re

se
n
t
th

e
p
e
rc

e
n
ta

g
e

p
o
in

t
d
if
fe

re
n
ce

in
cl

as
sr

o
o
m

co
n
ce

n
tr
at

io
n

o
f
b
as

e
li
n
e

st
u
d
e
n
t
tr
ai

ts
b
e
tw

e
e
n

tr
e
at

m
e
n
t
an

d
co

n
tr
o
l
co

n
d
it
io

n
s

fo
r
e
ac

h
ac

h
ie

v
e
m

e
n
t
st

ra
tu

m
.
C
la

ss
ro

o
m

-l
e
v
e
l
d
e
m

o
g
ra

p
h
ic

sh
ar

e
s

u
se

d
at

a
fr

o
m

a
to

ta
l
o
f
1
,3

4
7

st
u
d
e
n
ts

fr
o
m

th
e

IT
T

sa
m

p
le

an
d

th
e
ir

cl
as

sr
o
o
m

p
e
e
rs

n
o
ti

n
th

e
IT

T
sa

m
p
le

.T
h
is

in
cl

u
d
e
s
9
4

st
u
d
e
n
ts

in
g
ra

d
e
s
1
0
–
1
2
.T

h
e

m
e
as

u
re

o
f
m

at
h

ac
h
ie

v
e
m

e
n
ti

n
co

lu
m

n
(8

)
is

co
n
st

ru
ct

e
d

b
y

st
an

d
ar

d
iz

in
g

h
ig

h
sc

h
o
o
l
m

at
h

re
ad

in
e
ss

as
se

ss
m

e
n
t
(M

at
h
e
m

at
ic

s
D

ia
g
n
o
st

ic
T
e
st

in
g

P
ro

je
ct

)
sc

o
re

s
ac

ro
ss

th
e

1
,2

6
9

st
u
d
e
n
ts

fo
r
w

h
o
m

it
w

as
av

ai
la

b
le

.
C
o
lu

m
n
s

(9
)
p
re

se
n
ts

th
e

e
x
te

n
t
to

w
h
ic

h
as

si
g
n
-

m
e
n
t
to

th
e

A
1

In
it
ia

ti
v
e

ch
an

g
e
s

a
st

u
d
e
n
t’
s

li
k
e
li
h
o
o
d

o
f
re

ce
iv

in
g

a
te

ac
h
e
r
w

it
h

a
g
ra

d
u
at

e
d
e
g
re

e
an

d
/o

r
n
at

io
n
al

b
o
ar

d
ce

rt
if
ic

at
io

n
,
w

h
e
re

as
co

lu
m

n
(1

0
)

su
m

m
ar

iz
e
s

th
e

e
ff
e
ct

o
f
A
1

In
it
ia

ti
v
e

as
si

g
n
m

e
n
t
o
n

av
e
ra

g
e

m
ax

im
u
m

y
e
ar

s
o
f
te

ac
h
e
r
e
x
p
e
ri
e
n
ce

.
T
h
e

co
n
d
it
io

n
al

co
n
tr
o
l
m

e
an

p
re

se
n
te

d
w

as
e
st

im
at

e
d

ac
ro

ss
co

n
tr
o
l
o
b
se

rv
at

io
n
s

in
th

e
b
e
lo

w
-g

ra
d
e
-l
e
v
e
l
st

ra
tu

m
.

A
ll

m
o
d
e
ls

co
n
tr
o
l
fo

r
n
in

th
g
ra

d
e

ca
m

p
u
s

m
e
m

b
e
rs

h
ip

.
St

an
d
ar

d
e
rr

o
rs

ar
e

cl
u
st

e
re

d
at

th
e

n
in

th
g
ra

d
e

cl
as

sr
o
o
m

le
v
e
l.

*
p

\
.1

;
*
*
p

\
.0

5
;
*
*
*
p

\
.0

1
;
*
*
*
*
p

\
.0

0
1
.

313



We also found that the ITT was unrelated to class size except for the stu-
dents who otherwise would have been in remedial Algebra Readiness sec-
tions (see Table 1). Because these remedial classes tended to have fewer
students, random assignment to an A1 Initiative section implied a class size
that was larger by six students. Prior research has suggested that an increase
in class size of this magnitude reduces student engagement (Dee & West,
2011) and test scores (Krueger, 2003). As such, our findings may understate
the impacts of the A1 Initiative for this key group of students relative to
what we would observe if class sizes were held constant.

Assignment to an A1 Initiative classroom had more substantive effects on
the traits of classroom peers, as one would expect with a detracking reform.
Specifically, lower-achieving (below-grade-level) students saw a substantial
(i.e., 1.29 SD) increase in the baseline math achievement of their peers.
Furthermore, the share of their peers classified as poor or English learners
declined by 30 and 34 percentage points, respectively (see Table 1). Nearly-
at-grade-level students, those assigned to the A1 Initiative, experienced mod-
est declines in peer economic disadvantage (i.e., –10 percentage points) and
increases in peer achievement (i.e., 0.3 SD). Composition changes for higher-
achieving students—the majority share of each class—were not statistically
significant.

We note that these changes in peer attributes, although substantial, likely
contributed little to the academic gains we found among below-grade-level
students. The measured impacts of peer achievement on student academic
outcomes are generally small (Angrist, 2014; Lefgren, 2004; Sacerdote,
2014). Feld and Zölitz (2017) estimated that a 1 SD increase in peer grade-
point average translates, on average, to a 0.0126 improvement in student
grades. This implies that assignment to the A1 Initiative would boost below-
grade-level academic achievement by 0.016 SD solely through a peer-effects
channel, an impact that is small relative to the main confirmatory findings we
report. Furthermore, this is likely an upper bound on the benefits of sharing
a classroom with increasing shares of high-skilled peers. Both Feld and Zölitz
(2017) and Burke and Sass (2013) uncovered peer effect heterogeneity, sug-
gesting that less skilled students may be harmed by a very low position in the
class distribution. Peer effects thus are directionally ambiguous for acceler-
ated students and likely depend on teacher capacity to promote positive
peer interactions and growth mindsets.

The impact of being a relatively high- versus low-achieving student rela-
tive to one’s peers is also subject to countervailing theorized effects on self-
perception. On the one hand, the ‘‘big fish, little pond’’ effect may induce
greater engagement through more positive self-perception among students
with high relative classroom positions (Malamud et al., 2025). For example,
a student who just barely fails to qualify for Algebra I and is instead assigned
to Algebra Readiness in the control condition may simultaneously feel more
positively about themselves as a math learner when they observe the lower
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proficiency of their peers relative to a student who barely qualifies for algebra.
On the other hand, the self-perception of a marginal Algebra Readiness
attendee is reduced if simply being in a remedial pathway introduces a nega-
tive contrast with Algebra I students. International comparative work has sug-
gested that the big fish, small pond effect dominates when tracking is more
strict, but stigma by course contrast is more influential in the course-by-course
assignment system of the United States (Chmielewski et al., 2013).

Altogether, these studies support Nomi and Allensworth’s (2013) observa-
tion that a change in achievement within a classroom can alter assigned
course grade to the detriment of lower achievers. Furthermore, the salience
of peer achievement depends on interaction quality between students at dif-
ferent levels of achievement, and students tend to sort themselves by profi-
ciency within classrooms (Feld & Zölitz, 2017; Kang, 2007; Murata, 2013).
These dynamics suggest a major role for pedagogic practice (i.e., to facilitate
collaborative learning across skill levels) in unlocking the benefits of having
high-achieving peers for less prepared students.

A1 Initiative Pedagogy and Resources

The A1 Initiative pedagogy aimed to cultivate broadly effective Algebra I
instruction within the specific context of these heterogeneous classrooms.
This primarily requires that teachers engage in a continuous process of differ-
entiated evaluation, reflection, and adaptive instruction (Valiande &
Koutselini, 2009). From interviews with district administrators, we identified
three main ways the A1 Initiative promoted mastery of this approach. First,
teachers were trained in specific instructional strategies such as math language
routines to foster academic conversation and permit frequent assessments of
student comprehension (Zwiers et al., 2017). Instructional leaders emphasized
the importance of hearing and seeing student reasoning in A1 Initiative classes.
Second, to facilitate responsive pacing, teachers were afforded flexibility in exe-
cuting the Algebra I curriculum (Rosenbaum, 1999). The A1 Initiative cohort
collaborated on unit planning and assessments. Teachers received optional
lesson-planning resources but otherwise retained autonomy over day-to-day
activities.7 By contrast, Algebra I control condition teachers were guided by
structured district-defined pacing recommendations tied to a single textbook.
Third, the A1 Initiative cohort strongly emphasized high expectations and
growth mindsets for students and teachers. This encouraged all students to pro-
ceed on the grade-level track to geometry.

To facilitate this approach, teachers received significant resources coordi-
nated by the district as well as support from a math education consultancy. In
addition to ~15 full days of professional development, they received an addi-
tional class-section release (i.e., equivalent to five additional planning periods
per week), four coaching days per site per semester, a districtwide profes-
sional learning community, and a partner teacher at their campus.8 They
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also participated in lesson studies to share and learn promising practices
within the cohort. The A1 Initiative introduced considerable resources and
training to promote high-quality pedagogy in heterogeneous classrooms.

Effective instruction in heterogeneous classrooms entails complex
teacher practices (Prast et al., 2015). In this context, teachers must adapt
instruction (i.e., iteratively assess and adjust teaching to each student’s zone
of proximal development; Vygotsky, 2011) across classmates with very differ-
ent academic needs. The extent to which professional training can develop
teachers’ ability to meet this substantial pedagogic challenge is uncertain. In
particular, the literature on this topic is limited in two main ways. First, the
conceptualization of instructional differentiation is often imprecise. Second,
reviews of the literature acknowledge that the empirical base is limited—few
high-quality causal studies have measured the direct impacts of differentiation
training on student outcomes (Graham et al., 2021).

On the first limitation, some studies define differentiation simply as ability
grouping within classes, whereas others include the use of technology to tai-
lor instruction and responsiveness to interim data. Prast et al. (2015) proposed
a more general cycle of differentiation that professional development ought to
promote. It occurs in five stages: identifying educational needs, setting differ-
entiated goals, providing differentiated instruction, implementing differenti-
ated practice, and evaluating progress. Conversations with our district
partners revealed that A1 Initiative professional development emphasized
many of these stages explicitly, including training teachers on strategies to fre-
quently assess and respond adaptively to student needs. Vogt and Rogalla
(2009) found that an intervention designed to help teachers improve adaptive
planning competency aligned with this cycle and resulted in small gains in
mathematics achievement (i.e., ~0.04 SD). This would explain slightly under
one quarter of the effect of the A1 Initiative for below-grade-level students.

Turning to related research that measured the effects of training on
teacher practice (although not on student outcomes), Dixon et al. (2014)
found that more hours of differentiated instruction per day are positively asso-
ciated with teacher self-efficacy, which, in turn, is associated with greater lev-
els of instructional differentiation. Using an experimental design, VanTassel-
Baska et al. (2008) estimated that 4 days of training in differentiated teaching
strategies led to statistically significant increases in the use of these strategies
and improvements in overall teacher effectiveness ratings.

Beyond singular training interventions, the results of an observational
study by Goddard et al. (2019) suggested that overall strong school-level
instructional leadership promotes instructional differentiation and, as a result,
student achievement. Specifically, using multilevel modeling techniques, they
found that a 1 SD increase in survey-assessed instructional leadership quality
was associated with 0.07 SD higher math scores through a differentiated
instruction pathway. The A1 Initiative is a test case of this finding because
leadership worked closely with teachers and external consultants to
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coordinate activities aimed to develop instructional skill in heterogeneous
classrooms.

Features of the Control Conditions

We also note that because students were sorted across three groups in the
business-as-usual control condition, the treatment–control contrasts we study
(summarized in Table 2) are differentiated by baseline achievement.9

Specifically, students not in the A1 Initiative were assigned to ninth grade math
courses conditional on their eighth grade class (i.e., Common Core Math 8)
and their best score from three assessments: the seventh grade Smarter
Balanced Assessment Consortium (SBAC) state test in California and two separate
diagnostic tests10 (Figure 1). Teachers and parents/guardians had influence to
‘‘level up’’ student assignment from theobjective placement (e.g., parents of a stu-
dent whose test scores made them eligible for Algebra I with support could opt
them out of that support class). Fall 2019 transcript data show that 90% of control
group students enrolled in the ninth grade math course indicated by their middle
school course taking and test scores.

Below-grade-level students not assigned to the A1 Initiative were enrolled
in a prealgebra remedial course called Algebra Readiness. This course is
slower paced and contains less advanced material than Algebra I. It also
does not count toward either district or University of California–California
State University (UC-CSU) math requirements. These students cannot enroll
in Algebra I until after ninth grade. Assignment to the A1 Initiative allowed ear-
lier access to high-school-level coursework among this group, which mean-
ingfully changes the structure of future math opportunities for these
students relative to the control condition. Control group students nearly at

Table 2

Summary of treatment–control contrasts by baseline achievement group

Student group by baseline

achievement

Control Treatment

At grade level Regular Algebra I (n = 304) Algebra I with A1 Initiative

pedagogy and mixed-

achievement peers (n = 366)

Nearly at grade level Regular Algebra I 1

support class (n = 121)

Algebra I with A1 Initiative

pedagogy and mixed-

achievement peers (n = 83)

Below grade level Algebra Readiness (n = 98) Algebra I with A1 Initiative

pedagogy and mixed-

achievement peers (n = 67)

Note: Baseline achievement groups are determined according to Figure 1 using middle
school test scores and transcripts.

Accelerating Opportunity

317



grade-level proficiency enrolled in Algebra I and a second (also not UC-CSU
aligned) block of math instruction called Support. Students in this category
therefore received a double dose of math. Although double-dose math has
had demonstrably positive impacts on student achievement in other contexts
(Cortes & Goodman, 2014; Nomi & Allensworth, 2009), it is costly to staff.
Administrators also worried that the course crowded students out from taking
electives. The treatment–control contrast is smallest among at-grade-level stu-
dents, for whom instructional time and potential course credits are identical
across conditions.

Data and Sample

We used administrative data from the district to examine the effects of the
A1 Initiative on an array of student outcomes. We observe enrollment, tran-
scripts, test scores, and attendance for students in the pilot cohort from ninth
grade (academic year [AY] 2019–20) through twelfth grade (AY 2022–23).
Twelfth-grade data also include an exit indicator for on-time graduation status.

Our analytic sample included 1,039 students from a cohort of 2,124 ninth
graders who entered any of the district’s four comprehensive high schools in
the fall of 2019. We excluded students enrolled in the district’s small alterna-
tive schools because these campuses did not use random assignment for
freshmen course placement. We did, however, follow the high school trajec-
tory of students who initially enrolled at a comprehensive high school and
then transferred to an alternative campus.

From this cohort, we refined the sample until it was composed only of stu-
dents included in the randomization. This encompassed nearly all students
eligible for either Algebra I or Algebra Readiness (Figure 1). Our ITT popula-
tion excluded ninth graders enrolled in math classes beyond Algebra I (e.g.,
Geometry and Algebra II; n = 760), students with Individualized Education
Programs enrolled in either no math course or in a basic math skills class
(n = 31), and those enrolled in Algebra I courses designated for newcomer
English learners (n = 77). Incumbent English learners were enrolled in stan-
dard math classes and were retained in our sample. Students who took
Algebra I in eighth grade but had to repeat it in ninth grade also were excluded
(n = 29). Two further freshmen were dropped because they enrolled late in
the fall semester, after randomization had occurred. Finally, we eliminated
observations for students whose baseline proficiency under the business-as-
usual placement scheme (Figure 1) could not be verified. These are students
missing baseline data because they did not attend a feeder district in AY 2018–
19 (n = 145) or whose eighth grade math courses were not included in the
assignment table (n = 41).
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Measures

We examined both academic (i.e., assessment and course progression)
and nonacademic (i.e., attendance) student outcomes. Math proficiency,
our focal outcome, was measured using multiple sources of assessment
data. Of these, we privileged the SBAC assessment administered under the
California Assessment of Student Performance and Progress system in spring
2021, during our pilot cohort’s eleventh grade year. Scale scores were stan-
dardized using the published statewide mean and standard deviation
(California Department of Eduction, 2023). Secondary test metrics included
the fall 2020 and fall 2021 results of an interim comprehensive assessment
(ICA) created and administered by the district.11 We apply a hybrid item
response theory model (see the Supplementary Technical and Data
Appendix in the online version of the journal for technical details) to item-
level response data to create a standardized measure of achievement across
the analytic sample for each ICA (StataCorp, 2023).

Exploratory outcomes including course enrollment and attainment were
parsed from transcript data that denoted, for each enrollment, the course
name, a teacher identification number, credit type (e.g., math, English lan-
guage arts, or elective), credits attempted (one semester of a core course is
equivalent to 5 credits), and any credits or letter grade received. Due to the
disruption of the COVID-19 pandemic, grading was on a credit or no-credit
basis in the spring of 2020. Summative measures were constructed from lon-
gitudinal ninth through twelfth grade transcript data. These variables included
binary indicators of whether a student ever enrolled in and/or earned credit in
a course (e.g., Algebra II) and whether a student achieved math subject eligi-
bility for entry to the University of California system.12 Additional details on
course classification are in the Supplementary Technical and Data
Appendix in the online version of the journal. We also calculated total credit
attainment—by subject and overall—through twelfth grade. Finally, grade-
by-grade indicators of course enrollment and completion (i.e., earning at least
10 units, equivalent to two semesters of credit) were used to compare the
pace of course progression across the treatment and control groups.

We used annual indicators of district enrollment and attendance to mea-
sure student engagement. Absence rates were constructed by dividing days
reported absent by total enrollment days in each year. We also coded a binary
indicator for chronic absenteeism that took on a value of one if a student’s
absent rate exceeded 10%. Chronic absenteeism is less sensitive to distortion
from outliers than absence rate and is used by California as a primary indicator
of student connectedness. However, impacts on the continuous absence mea-
sure can be more precisely estimated. We therefore present exploratory
results using both measures. Enrollment files described student status at the
beginning and end of each academic year and denoted timing plus explana-
tory codes for entry or exit events (see the Supplementary Technical and Data
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Appendix in the online version of the journal for more detail on treatment of
student exits). These data allowed us to explore student persistence in the dis-
trict. District administrators expressed confidence in the fidelity of attendance
and enrollment data, citing care taken during the COVID-19 pandemic to
maintain accurate records.

Sample Description

Table 3 reports summary statistics for the ITT sample of 1,039 students on
ninth grade entry. These administrative categories are not necessarily reflec-
tive of the full diversity of student identities. All students are listed under a sin-
gle racial/ethnic category, which does not include a multiracial indicator. In
the fall of 2019, about half the students in our sample were eligible for free
or reduced-price lunch (FRPL), and 16% were classified as being English
learners (ELs). A slight majority was identified as Hispanic, nearly a third as
White, 12% as Asian or Pacific Islander, 4% as Black, and 1% as Native
American or Alaska Native. Eligible students were dispersed relatively evenly
across the four comprehensive high schools in the district, and exactly half
were randomly assigned to the A1 Initiative. Following Figure 1, 64% of the
sample entered ninth grade at grade level for math, whereas 20% were nearly
at grade level and 16% were below grade level. District enrollment declined
by 3–4 percentage points within the sample year, from 98% retention through
ninth grade to 87% through twelfth grade. We examined the effect of the ITT
on student retention because it is both an internal-validity concern and a sub-
stantively relevant outcome.

Turning to the key dependent variables, students in the analytic sample
scored 0.12 SD above the statewide mean of the eleventh grade math SBAC
assessment. Although most passed their ninth grade math class and received
credit for two Algebra I semesters by the end of tenth grade, only 62% of stu-
dents completed a full year of geometry by the end of AY 2020–21. By the end
of eleventh grade, 79% of students had received two semesters of geometry
credit, and just over half the sample had completed Algebra II. This increased
to just .60% after first-time twelfth grade attendance. Similarly, among the 4-
year sample including dropouts, half the remaining students completed at
least one advanced math course, and 62% met the UC-CSU ‘‘C’’ admission
requirement for math. Students earned an average of 33 credits (i.e., they com-
pleted just over three courses) during high school. Of the 4-year sample, 90%
graduated from high school within that time span. Finally, we observed
a decline in attendance-related outcomes over the high school years.
Chronic absenteeism rates were 14% in AY 2020–21, 25% in AY 2021–22,
and 29% in AY 2022–23 compared with only 4% in AY 2019–20, a pattern of
postpandemic growth consistent with state and national data (Dee, 2024).
The underlying absence rate increased from 3–5 to nearly 10% as students
progressed from ninth through twelfth grade.
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Estimation Strategy

Our analysis estimated the causal effects of the A1 Initiative by leveraging
the random assignment of eligible students into treatment. The strong internal
validity of our estimates reflects both institutional information and empirical

Table 3

Descriptive statistics

Variable Mean SD Minimum Maximum N

Student characteristics at high school entry
Female 0.51 0.50 0 1 1,039
Free and reduced-price meals 0.49 0.50 0 1 1,039
English learner 0.16 0.36 0 1 1,039
White 0.30 0.46 0 1 1,039
Hispanic 0.54 0.50 0 1 1,039
Asian or Pacific Islander 0.12 0.32 0 1 1,039
Black 0.04 0.19 0 1 1,039
Native American or Alaska Native 0.01 0.09 0 1 1,039
Attended campus 1 in grade 9 0.28 0.45 0 1 1,039
Attended campus 2 in grade 9 0.24 0.43 0 1 1,039
Attended campus 3 in grade 9 0.25 0.43 0 1 1,039
Attended campus 4 in grade 9 0.22 0.42 0 1 1,039

Assigned placement
At grade level 0.64 0.48 0 1 1,039
Nearly at grade level 0.16 0.37 0 1 1,039
Not at grade level 0.20 0.40 0 1 1,039

Math test scores (standardized)
Baseline readiness score 22.00 9.84 0 45 1,039
Tenth grade interim comprehensive assessment 0.00 0.85 –1.80 2.22 850
Eleventh grade state assessment (Smarter Balanced
Assessment Consortium test)

0.12 0.84 –1.91 2.32 805

Transcript outcomes
Completed Algebra I by end of grade 10 0.99 0.09 0 1 908
Completed geometry by end of grade 11 0.63 0.48 0 1 985
Completed geometry by end of grade 11 0.79 0.41 0 1 936
Completed Algebra II by end of grade 11 0.55 0.50 0 1 940
Completed Algebra II by end of grade 12 0.60 0.49 0 920
Completed any advanced math by end of grade 12 0.49 0.50 0 1 920
Met math requirements for University of California–
California State University

0.61 0.49 0 1 920

Total math credits 32.58 10.57 0 60 920
Graduated on time 0.91 0.29 0 1 920

Attendance and enrollment outcomes
Chronically absent in grade 9 0.04 0.21 0 1 1,024
Chronically absent in grade 10 0.14 0.34 0 1 984
Chronically absent in grade 11 0.25 0.43 0 1 936
Chronically absent in grade 12 0.29 0.45 0 1 916
Absence rate in grade 9 (%) 2.87 4.27 0 50.28 1,024
Absence rate in grade 10 (%) 5.48 12.36 0 85.56 984
Absence rate in grade 11 (%) 8.72 11.35 0 90.00 936
Absence rate in grade 12 (%) 9.42 11.62 0 90.50 916
Completed grade 9 in district 0.98 0.13 0 1 1,039
Completed grade 10 in district 0.94 0.23 0 1 1,039
Completed grade 11 in district 0.90 0.30 0 1 1,039
Completed grade 12 in district 0.87 0.33 0 1 1,039

Notes: Our analytic sample included 1,039 students who were enrolled in an algebra class for the first semester of ninth
grade in one of the four comprehensive high schools in the partner district and who attended a feeder elementary district
so that they could be matched with their middle school academic records. All data were sourced from the partner dis-
tricts or one of the feeder elementary districts.
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evidence consistent with successful randomization. From interviews, we
knew that randomization had been conducted by campus-level administra-
tors during the course-assignment process preceding the fall 2019 academic
term. Students at three of the four campuses were individually randomized
between the A1 Initiative and the business-as-usual condition. They took var-
ied approaches to apportion the mix of students from each placement-level
stratum. For example, one school stopped assigning students with below-
grade-level achievement to A1 Initiative sections after reaching a 15% thresh-
old. At other campuses, the baseline achievement composition of A1 Initiative
classes matched the ITT student distribution. At the only campus that did not
randomize at the student level, an administrator used a two-stage process.
First, business-as-usual Algebra I and Algebra Readiness sections were created
following the district’s procedure to balances classes by demographic traits.
Second, a randomly selected half of these sections were dissolved and recom-
bined as A1 Initiative classes. We provide empirical evidence on this random-
ization through inspection of the balance in pretreatment student traits across
conditions conditional on campus membership and baseline achievement
group. Table 4 presents the results of these tests for individual characteristics
and jointly using seemingly unrelated regression. There was no evidence of
systematic imbalance.

We estimated ITT effects by baseline achievement group. We did this
because the treatment–control contrast and probability of randomization
into treatment were both dependent on students’ baseline achievement group
(see Figure 1). Our preferred specification was

yics ¼ b1 ITT 3 atgradelevelð Þi 1 b2 ITT 3 nearlyð Þi 1 b3 ITT 3 belowð Þi
1 b4nearlyi 1 b5belowi 1 as 1 eics ð1Þ

where yics is an outcome for student i who, in ninth grade, was in class c at
school s. Following Institute of Education Sciences (IES) guidance presented in
the What Works Clearinghouse (2022) Procedures and Standards Handbook,
we distinguished between primary, preregistered outcome, for which this
research is confirmatory (i.e., standardized assessment scores), and exploratory
measures (e.g., credit accumulation and attendance), which provide only
suggestive explanations for observed effects. The parameters b1; b2; and b3

estimate the impact of assignment to the A1 Initiative for each achievement
group. To guide interpretation of the estimand, we note that while b1; b2;
and b3 technically represent the intent-to-treat effects of assignment to the
A1 Initiative, compliance with this assignment was high. By the end of the
fall 2019 semester, 99% remained in their assigned condition, and 97% remained
through the spring of 2020. All regressions included indicator variables for
ninth grade campus membership and baseline placement level, with below-
grade-level students in the control condition being the reference category.
Standard errors are clustered by class section in our preferred model.
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This error selection attends to evolving guidance from recent conceptual
and econometric observations on the specification of standard errors for
causal inference. A recent study by Abadie et al. (2023) encouraged research-
ers to consider a design-based rationale for error selection. In the case of clus-
tered sampling and randomization, heterogeneity-robust standard errors can
be too small, but in other cases (e.g., when random sampling and assignment
occur predominantly at the unit level), clustering is overly conservative. In this
case, randomization was largely the unit level in a procedural sense, but treat-
ment status was almost perfectly correlated within classrooms. Therefore, we
clustered standard errors by the ninth grade classroom membership in our
main analysis.

In additional analysis, we investigated the sensitivity of our results to
alternative empirical specifications and across teacher- and student-defined
subgroups. This included exploring the implications of alternative standard
error specifications on our main test score outcome in several ways. First,
we present less conservative heterogeneity-robust Eicker–Huber–White stan-
dard errors. Second, we adjust standard errors for the relatively small number
of class sections in our sample, following recommendations from Pustejovsky
and Tipton (2018) for N \ 50 clusters. For each of b1; b2; and b3; effective
counts of clusters ranged from 38 to 47.

Third, we followed the encouragement of econometricians (e.g., as in
Abadie et al., 2020) to consider an alternative to frequentist standard errors.
As with many randomized, controlled trials, we used a convenience sample
and observed all relevant units. Under the conventional framework, standard
errors conferred uncertainty in our estimated parameters relative to the true
values that would exist in a hypothetical ‘‘superpopulation.’’ However, the
source of uncertainty in our estimates came not from random drawing but
from the random assignment of treatment itself. Standard errors then were
derived by simulating permutations of the treatment indicator. We used ran-
domization inference testing (ritest; Heß, 2017) to execute the randomization
inference procedure.

Sensitivity and Robustness Checks

We also report ITT effects on our main outcomes after the addition of con-
trols for student- and teacher-level characteristics. In Equation (2), Xics is
a vector of student traits that includes race/ethnicity, gender, EL, FRPL status,
and sometimes a middle school test score. Tcs includes indicators of two
observable teacher characteristics: years of experience and advanced certifi-
cation status (e.g., a postgraduate degree or national board certification).
Equation (1) results are privileged in our main analysis over Equation (2) esti-
mates due to superior performance under Akaike information criterion cross-
validation for most outcomes.
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yics ¼ b1 ITT 3 atgradelevelð Þi 1 b2 ITT 3 nearlyð Þi 1 b3 ITT 3 belowð Þi
1 b4nearlyi 1 b5belowi 1 gXics 1 dT cs 1 as 1 eics ð2Þ

The inclusion of Tcs in some specifications is one component of our strat-
egy to address an implementation detail that warrants further discussion. That
is, because most of the A1 Initiative teachers volunteered to join the pilot, it is
possible that our analysis is detecting the efficacy of the eight A1 Initiative
teachers rather than the impact of the program itself. It is possible that these
teachers are particularly enthusiastic and committed instructors. As discussed
earlier, we controlled for observable teacher traits that correlate with teacher
quality (e.g., Harris & Sass, 2011) in the specification of Equation (2).
Additionally, we tested the sensitivity of our findings to a leave-one-out exer-
cise. Under this test, we repeated our main analysis eight times, in turn limiting
the data to exclude students enrolled in each teacher’s ninth grade class This
check indicated that the results presented below are not due to the influence
of any one teacher leading the A1 Initiative classes (see Supplementary
Appendix Table A4 in the online version of the journal).

Heterogeneity Analysis

We also produced exploratory estimates of our main effect by gender and
economic disadvantage, as measured by FRPL status. Our interest in the pres-
ence of heterogeneous impacts by gender was motivated by a notable finding
from multiple high-quality studies from the targeted acceleration literature
that attainment effects are limited to only female students (Card & Giuliano,
2024; Dougherty et al., 2017). We were constrained from estimating results
by ethnic or racial subgroup due to sample size constraints. However, we
note that supportive acceleration studies (e.g., of double-dose Algebra I)
that report impacts by subgroup (e.g., Cortes et al., 2015) have broadly failed
to identify differing impacts by race and ethnicity.

Cost Analysis

Finally, where program impacts were detected, we used a program cost
analysis to construct cost-effectiveness ratios. We favored this approach to
characterizing the balance of program inputs and returns for three primary
reasons. First, benefit-cost analyses (e.g., return-on-investment calculations)
impose stronger assumptions because they rely on conjectural estimates on
how to monetize the value of educational gains throughout the life cycle
and how to place these longitudinal gains on a present-value footing.
Second, cost-effectiveness comparisons better approximate the decision
faced by many educational practitioners (i.e., how to best use available
resources). Third, they facilitate ready comparisons at a policy level because
cost-effectiveness ratios have clear and prominent benchmarks (e.g., Jackson
& Mackevicius, 2024) in the broader literature on educational interventions.

Accelerating Opportunity
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Procedurally, we followed guidance from the evaluation literature (e.g., Levin
et al., 2018) by compiling and pricing all program inputs. In collaboration with
our district partners, we identified costs in three broad categories—
consulting, teacher labor, and supplementary instruction (e.g., substitute
teaching)—and leveraged historical administrative data to estimate their value
in 2019 dollars.

Results

Tables 5–7 present our preferred estimates from Equation (1) across a rich
collection of exploratory (e.g., attendance and course taking) and confirma-
tory (e.g., test scores) outcomes.

Exploratory Analysis of A1 Initiative Mechanisms

Attendance is an important determinant of student achievement (e.g.,
Lamdin, 1996; Liu & Loeb, 2021). Table 5 summarizes our findings on the
impacts of assignment to the A1 Initiative on measures of student school
engagement. Across all years, assignment to the A1 Initiative reduced absen-
teeism for students who entered high school below grade level. Their absence
rate was between 2 and 7 percentage points lower than for control group stu-
dents assigned to Algebra Readiness. This translated to a 5 to 9 percentage
point reduction in chronic absenteeism, although this was only measured pre-
cisely in ninth grade. Attendance was largely unaffected for higher-achieving
students. These targeted gains in students’ behavioral engagement with
school were consistent with—although not direct evidence for—the hypoth-
esis that detracking, coupled with instructional supports, enhanced students’
academic self-perception and motivation.

Additionally, for the highest- and lowest-achieving students at baseline,
the A1 Initiative improved their chances of remaining in the district rather
than transferring to a different school.13 For the below-grade-level group,
assignment to the A1 Initiative improved their likelihood of remaining in
the district for all 4 years of high school by 13 percentage points from a control
group base rate of 77%. We also examined within-district school switching,
and these results are presented in Supplementary Appendix Table A6, column
(7), in the online version of the journal. For the focal group, this intradistrict
transfer estimate was not statistically significant but was directionally the
same as our estimated interdistrict exit effect. Taken together, these findings
indicate an overall lower school switching rate, including both intra- and inter-
district transfers, among this group of students.

This is a substantive outcome consistent with the A1 Initiative generating
heightened levels of engagement for an academically vulnerable population.
Although full explication of the mechanism underlying this result is beyond
our study’s scope, it stands to reason that parents may be less inclined to
remove a child from their current school if the student is content and
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succeeding in their educational environment. Given the negative consequen-
ces of reactive moves (e.g., Welsh, 2017), this is another academically protec-
tive feature of the A1 Initiative. Interestingly, we see in column (10) of
Supplementary Appendix Table A6 that students who enter the district at
grade level are 6 percentage points more likely to remain enrolled through
twelfth grade if assigned to the A1 Initiative. A potential explanation, drawing
from research on the ‘‘big fish, small pond’’ effect (e.g., Malamud et al., 2025),
is that their improved relative classroom position in A1 Initiative classes
boosted their self-perception and satisfaction. However, this study cannot for-
mally decompose aggregate detected effects by each lever through which
detracking and/or acceleration could influence student engagement and
motivation. Thus, we propose this rationale provisionally.

Empirically, these results carry implications for interpreting the effects on
dependent variables measured in later grades. Specifically, downstream out-
comes may be biased by the differential rate of district exit (i.e., attrition). We
explored the likely direction of this bias conceptually and empirically. First,
we hypothesized that A1 Initiative students who would be marginal out-
transfers in the unobserved counterfactual were likely to have lower levels
of expected achievement. This is because mobility is negatively correlated
with achievement (e.g., Mehana & Reynolds, 2004). The disproportionate per-
sistence of these students in our sample’s treatment arm exerted a downward
pressure on the average outcomes of below-grade-level A1 Initiative student
relative to the observed control group. This reasoning was supported by the
observed baseline achievement of attriters—the average control group attriter
had lower middle school math scores than the average treatment group
attriter (table available on request). The differential loss of higher-performing
students from the treatment condition was consistent with the view that
although there’s no clear evidence of attrition bias on the eleventh grade
SBAC test (see Supplementary Appendix Table A1 in the online version of
the journal), if it existed, it would involve negative selection into treatment,
implying a downward bias in the study’s main estimates. We also did not
observe pretreatment differences in A1 Initiative and non–A1 Initiative
attriters across demographic dimensions. Therefore, the estimates we report
for the impact of A1 Initiative assignment on downstream outcomes (i.e.,
graduation and twelfth grade course taking) likely reflect a lower bound on
the true ITT effects. However, we note that the ITT effect on attrition was
not statistically significant in eleventh grade.

In Figure 2 and Table 6, we summarize ITT effects on student course pro-
gression, attainment, and on-time graduation. A Sankey graph (Figure 2)
illustrates the role that assignment to the A1 Initiative plays in shaping
math trajectories for students achieving below grade level at baseline.14

Considering the ninth to tenth grade transition depicted in Figure 2, it is evi-
dent that placement in Algebra I rather than Algebra Readiness was challeng-
ing for many of these students. Ninth grade math failure rates were greater in
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this stratum for A1 Initiative students. Approximately half had to retake
Algebra I or enroll in a pregeometry bridge course as sophomores.
However, the other half continued the college preparatory grade-level path-
way to geometry in tenth grade, whereas only one Algebra Readiness student
did so. And by the end of twelfth grade, academically underprepared A1
Initiative students were more likely to pass Algebra II than their control group
peers (Table 6, column 5). Thus, although the pipeline observed in Figure 2 is
leaky, students who were held back in their progression after ninth grade did
no worse than students whose progression was delayed before ninth grade. In
other words, track stability—the propensity for sustained placement on a par-
ticular pathway over time (Domina et al., 2019)—was very high for students
on the remedial track. Once students were assigned a ninth grade remedial
course, we observed that acceleration onto the standard pathway was very
rare.

Table 6 supplements these visual patterns with estimates from Equation
(1) for a series of transcript outcomes. Specifically, it shows that by the end
of tenth grade, below-grade-level A1 Initiative–assigned students were no
less likely to have passed two semesters of Algebra I when compared with
the control group. Furthermore, they were 22 percentage points more likely
to have passed two semesters of geometry. This accelerated progression con-
tinues through eleventh grade, when below-grade-level students assigned to
the A1 Initiative were 14 percentage points more likely to have earned
Algebra II credit. The 11 percentage point magnitude of the analogous twelfth
grade estimate reflects a more than doubling of the likelihood of completing
Algebra II. Twenty-one percent of below-grade-level students assigned treat-
ment earned Algebra II course credit compared with only 9% of comparable
control students.

Figure 2. Students entering the district below grade level: A1 Initiative vs readi-

ness pathways.
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Treated students in this group also obtained more math credits (column 8)
but were no more likely than their Algebra Readiness–assigned peers to com-
plete an optional fourth (i.e., post–Algebra II) math course. Because Algebra
Readiness confers math credit rather than elective credit, this result is
expected. However, although this district requires only 10 math credits to
graduate, it is possible that in a district with higher expectations for math com-
pletion, the fact that math credit is withheld from control group students until
tenth grade could be consequential. Additionally, the results of course taking
through twelfth grade should be understood in the context of some selection
bias. We found that the reform increased the likelihood that educationally vul-
nerable students remained in the district into twelfth grade (see Table 5).
While this indicates a positive effect of the reform, it creates negative selection
into treatment for twelfth grade outcomes (e.g., advanced math taking). This
implies that the estimated effects of the reform on such outcomes are a lower
bound on the true effect. It remains notable that our results indicated that the
reform led to a weakly significant increase in the probability of completing
Algebra II. We highlight this result in particular because of the changing
and contested nature of ‘‘advanced math’’ in California (Fensterwald, 2024).
Specifically, ‘‘Introduction to Data Science,’’ available to the students in this
study, is no longer considered advanced or college ready, whereas comple-
tion of Algebra II is emphasized. This collection of results underscores the
importance of students’ ninth grade placement in the hierarchical math
sequence is in structuring opportunity for the rest of their high school career.

Turning to the other baseline-achievement groups, those at grade level
achieve comparably regardless of their treatment status. We observed a slight
divergence in medium-term course progression and graduation within the
nearly-at-grade-level stratum. Specifically, these students were less likely to
have completed two semesters of geometry by the end of tenth grade if
assigned to the A1 Initiative despite passing Algebra I at equivalent rates to
control group students. We ruled out baseline imbalance or differential attri-
tion as explanations based on the results in Tables 4 and 5. Notably, control
group students from this stratum qualified for double-dose math, so treated
students received less math instructional time. Given the sturdy evidence
base in support of double-dose math for borderline-proficient students
(e.g., Allensworth et al., 2009), its removal may explain these results.
However, by the end of eleventh and twelfth grades, there was no difference
by treatment assignment in cumulative math attainment for students with
nearly-at-grade-level middle school achievement.

Confirmatory Analysis of Test Scores

Our main, preregistered confirmatory analysis aimed to measure the
effect of A1 Initiative assignment on student math achievement as directly
as possible. Specifically, we used assessment outcomes as the main metric
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for student proficiency (Table 7). Otherwise, course outcomes alone were
imprecise proxies for cognitive achievement. This is because course content
may vary across similarly titled classes. And, depending on the grading auton-
omy and strategies afforded to teachers, credit attainment may not indicate
content mastery. That is, absent other measures of proficiency, the superior
course-taking outcomes we observe could reflect social promotion rather
than learning.

Despite this concern, for students entering high school with below-grade-
level math proficiency, assignment to the A1 Initiative yielded large and pos-
itive test score effects. On the eleventh grade SBAC test—the psychometrically
validated exam for high school math proficiency in California—we detected
a substantial and precisely estimated 1 0.19 SD (Table 7, column 3)
to 1 0.20 SD (Table 7, column 4) ITT impact for these students using state-
normed scores. We detected null eleventh grade test score ITT impacts among
the nearly-at-grade-level and at-grade-level student groups. This absence of
effects strongly suggests that A1 Initiative teachers were not uniquely high-
quality math instructors and supports the internal validity of the estimated
program benefits for below-grade-level students.

Because this study was originally intended to run through the pilot
cohort’s tenth grade year, our preregistration plan focused on an 11-item dis-
trict-constructed assessment (i.e., the ICA) taken in the fall following the pilot
year with the intent that a longer-term follow-up study would have a new pre-
registration. However, project delays related to the COVID-19 pandemic
implied that the superior eleventh grade assessments became available to
us. For the same group of below-grade-level students, the relevant ITT esti-
mate using the 11-item tenth grade assessment was nearly as large as the
SBAC-based effect (i.e., 1 0.14 SD), although not statistically significant.
Following the spirit of our preregistration, in Table 7, we also present
Romano–Wolf p values that implement a multiple-comparison correction
for the three confirmatory estimates on the test score outcomes. After this cor-
rection, the ITT SBAC effect for the below-grade-level group takes on a p
value of .0589 conditional on student traits, within the threshold for marginal
statistical significance. In sum, the results presented in Table 7 provide strong
evidence that the A1 Initiative improved math learning for low-proficiency
students as well as—and possibly because of—superior course attainment
and school attendance.

The sizable magnitudes of these estimates can be contextualized in sev-
eral ways. Kraft (2020) deemed 0.2 SD to be a large effect in the distribution
of estimates across 700 education randomized, controlled trials. Given a nor-
mal distribution of scores, this implies a 7 percentage point effect, placing it in
the most effective third of educational interventions (von Hippel, 2025). A
math-specific meta-analysis of randomized interventions by Williams et al.
(2022) found an average effect size of 0.24 SD for algebra-related interven-
tions but noted that estimates were largely based on short-term outcomes.
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Thus, the persistence of an A1 Initiative effect through an eleventh grade
assessment is notable. This impact is also large relative to learning trajectories
at this age. Bloom et al. (2008) found that a 0.19 SD effect across grades 9 to 11
roughly translated into an entire additional year of math learning. Finally, we
reiterate that because of the asymmetric rate of district exit observed across
the treatment and control conditions, our estimate is plausibly a lower bound
on the true A1 Initiative impact on math learning.

Cost-Effectiveness

We constructed cost-effectiveness ratios of the A1 Initiative by scaling the
main effect by the per-student cost of the A1 Initiative. Because we only
observed statistically significant effects on primary outcome for one of the
three treatment–control comparisons, we focused on effectiveness for only
this group but also recognized the A1 Initiative’s total costs (i.e., spreading
total costs over targeted gains). We computed the A1 Initiative’s total costs
using district data on the consultant fees for professional development and
on-site coaching and state data on teacher costs in the districts (see the
Supplementary Technical and Data Appendix in the online version of the jour-
nal for details).

Altogether, we estimated the A1 Initiative cost at ~$264,000. Given the
comparatively small number of below-grade-level students assigned to A1
Initiative classes (i.e., the only students with clear academic benefits), the
implied cost per relevant student then would be ~$3,950. The estimated
0.19 SD test score gain among these students implies that the A1 Initiative gen-
erated 0.048 SD in test score gains per $1,000 spent. Notably, this is roughly six
times the return on general increases in school spending. Specifically, Jackson
and Mackevicius (2024) concluded that a $1,000 increase in annual spending
per pupil repeated over 4 years increases test scores by only 0.032 SD.

Effect of Heterogeneity and Spillovers

Supplementary Appendix Table A5 in the online version of the journal
presents results for exploratory analyses of A1 Initiative assignment effects
by student gender and socioeconomic status (i.e., as proxied by FRPL).
Given the small sample sizes—which precluded further subsetting across
racial and ethnic categories—and the type I error risk associated with estimat-
ing so many effects, we consider these results to be merely suggestive of direc-
tions for future research. Still, we note a few intriguing patterns. First,
estimates of the positive influence of the A1 Initiative on attendance and dis-
trict retention for below-grade-level students are consistently larger when the
sample is subset to only include girls versus when effects are estimated among
boys. Prior research has identified girls as more sensitive to negative behav-
ioral peer effects than boys (Imberman et al., 2012). This result is consistent
with a symmetric propensity for positive peer influence. Additionally, as in
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prior studies of targeted acceleration (e.g., Dougherty et al., 2017), the attain-
ment effects of A1 Initiative assignment for below-grade-level students—as
measured by the likelihood of ever passing Algebra II—are larger and only
statistically significant for female students and non-FRPL students.
Conversely, and perhaps surprisingly, the test score benefits of the A1
Initiative for below-grade-level students are concentrated among boys and
FRPL-eligible students. It is possible that acceleration may benefit male versus
female students or students of differing economic backgrounds through dif-
ferent mechanisms, and this heterogeneity warrants future investigation.

We found mixed evidence of spillover effects into performance in other
subjects such as English, science, and electives courses. At the 10% level,
we detected negative impacts from assignment to the A1 Initiative on credit
accumulation for nearly-at-grade-level students in science and elective
courses as well as overall (see Supplementary Appendix Table A6. columns
4 and 5, in the online version of the journal). These findings comport with
the marginally significant but negative 8 percentage point on-time graduation
effect. As discussed earlier, the treatment–control contrast for this group is
a complicated one. Specifically, for this student group, assignment to the A1
Initiative also removed a double-dose support class. Therefore, control group
students within this stratum had more math instructional time in ninth grade
than treated students. Although the short-term negative effect on math attain-
ment (Table 6, column 2) did not persist, we dis observe weakly significant
impacts on academic achievement in other subjects (see Supplementary
Appendix Table A6 in the online version of the journal). We also observed
a negative impact from A1 Initiative assignment on the English language
arts eleventh grade SBAC test for the nearly-at-grade-level group.

The observed deficit in elective credit (see Supplementary Appendix
Table A6, column 5, in the online version of the journal) is partly mechanical
due to these students’ nonenrollment in the elective-credit-bearing support
course. Similarly, the negative impact on elective credit attainment for
below-grade-level students can be explained by their acceleration out of
the prealgebra Algebra Readiness elective credit course. On the other appar-
ent negative spillover results, we can only speculate from ninth grade credit-
taking data (see Supplementary Appendix Table A8 in the online version of
the journal). Notably, nearly-at-grade-level students in the treatment condi-
tion attempted 2.5 fewer total credits than control group students (see
Supplementary Appendix Table A8, panel A, column 1, in the online version
of the journal), implying that they may just be taking a less academic course-
load in the absence of the support class rather than replacing it with equiva-
lent time in other subjects. Because these results fall outside our preregistered
analysis, and due to the presence of multiple comparisons, this should moti-
vate caution in interpreting results from Supplementary Appendix Tables A6
and A8.
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We did not detect effects on standardized English language arts scores for
the other baseline achievement strata. This result is consistent with our topline
confirmatory result for below-grade-level students of math-specific learning
gains due to the A1 Initiative program (i.e., a 1 0.19 SD ITT impact). It also
suggests that acceleration to the more rigorous A1 Initiative pathway did
not crowd out effort in other classes among below-grade-level students.

Sensitivity and Robustness Checks

Our main results, especially those we highlighted for the below-grade-level
proficiency group, are robust to a variety of alternative specifications.
Supplementary Appendix Table A3 in the online version of the journal presents
the results of Equation (2) where student (panels B and C) and teacher (panels
D and E) characteristics are controlled for. As we would expect given successful
randomization, the magnitudes of the ITT estimates did not differ substantially
across specifications. In panel C, we find that our topline results are robust to
the addition of a linear control for baseline math achievement that uses, due
to missingness, a combination of middle school test scores (i.e.,
ES ’ 0:17 vs: 0:19 SDÞ: Supplementary Appendix Table A4 in the online ver-
sion of the journal similarly shows that our findings are unlikely to be driven
by a ‘‘superstar’’ teacher (or its opposite) because dropping each A1 Initiative
teacher from our sample in turn left our main findings broadly unaltered.
Additionally, although we did not report full results by campus due to small
cell sizes and anonymity concerns, we found that our topline test score effects
were no smaller at the campus that was deemed ‘‘low buy-in’’ and did not have
volunteer teachers leading A1 Initiative classes. This is suggests that our findings
are indeed robust to lower levels of teacher enthusiasm.

Finally, in Supplementary Appendix Table A2 in the online version of the
journal, the standardized test score effect for our focal student group
remained large and at least marginally statistically significant using alternate
standard errors, except for when randomization inference was combined
with our nonpreferred strategy of including a vector of baseline student
characteristics.

Discussion

In contrast to much of the existing research on the acceleration of very
low-proficiency students (e.g., Clotfelter et al., 2015; Domina et al., 2019;
Lafortune, 2018; McEachin et al., 2020), this study identified academic and
nonacademic benefits from a program that randomly assigned academically
underprepared ninth graders into Algebra I rather than to a remedial prealge-
bra course. Given established links between high school math attainment and
post–secondary school and labor market attainment (e.g., Altonji, 1995;
Goodman, 2019), these findings carry significant implications for these stu-
dents’ long-run outcomes. Our results indicate that the A1 Initiative positively
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shaped the trajectories of students who were the lowest achievers in middle
school.

On the state math assessment, we detected a substantial 0.19 effect size.
The A1 Initiative also improved math course attainment, as measured by
Algebra II completion as well as student attendance throughout high school.
The limited catch-up in Algebra II completion suggests that the test score mea-
sured in the eleventh grade is likely to persist. Additionally, given college test-
ing timelines, earlier mastery of key content such as Algebra II has meaningful
implications for student readiness and therefore long-term access to math
learning opportunities. And because district retention of treatment-assigned
students was 13 percentage points higher than of control students, our esti-
mates likely reflect a lower bound on the true impacts of the A1 Initiative.
We found no evidence that students entering high school at grade level
were negatively influenced by assignment to the A1 Initiative. Given this strik-
ingly positive collection of results for students deemed to have low levels of
proficiency, several implementation and policy details of the A1 Initiative
deserve particular attention.

Implications for Policy and Practice

First, pedagogic quality should be a central implementation concern for
policies that expand access to rigorous content for less prepared students
and/or increase within-classroom variation in baseline achievement. The A1
Initiative provided support for the development (i.e., dedicated professional
learning) and execution (i.e., additional planning time) of an appropriate
instructional approach for a mixed-achievement classroom environment. For
example, teachers were provided with flexibility to responsively pace their
courses, strategies to help surface student misconceptions (e.g., math language
routines), and community support including a partner teacher and on-site
coaching. A1 Initiative trainings also strongly emphasized that teachers hold
high expectations for all students to continue progressing through a college-
preparatory math sequence. Our findings in this study are consistent with a pro-
tective dynamic wherein supportive practices for high-quality instructional dif-
ferentiation offset the academic risks of acceleration.

Second, the superior attendance and school retention outcomes among
accelerated A1 Initiative students relative to their control group peers suggests
that a supported-acceleration model may improve school engagement for
underprepared students relative to traditional remediation. The conceptual
literature has defined three broad forms of student engagement: behavioral,
emotional, and cognitive (Fredricks et al., 2004). Thus, our attendance, reten-
tion, and course-taking results are consistent with a positive behavioral
engagement effect, although merely suggestive of other dimensions of
engagement. Prior tracking research has suggested that such effects may oper-
ate through social-emotional changes such as improved motivation and
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decreased stigma (e.g., Chmielewski et al., 2013; Gamoran, 1992). It is also
possible that the improved engagement may instead be a result of positive
behavioral peer effects (e.g., from exposure to more engaged classmates)
or a direct result of high expectations and a growth mindset promoted in
the intervention (Good et al., 2018; Imberman et al., 2012). Although our
results are consistent for the role targeted acceleration has in shaping belongi-
ness or motivation, it is beyond the scope of this study to confirm or untangle
any of these potential pathways. We look to future research to more directly
explore the social-emotional dynamics of placing students on accelerated ver-
sus remedial pathways.

Third, the persistence of impacts in the eleventh and twelfth grades
underscore the status of ninth grade as a ‘‘make or break year’’ for the rest
of high school (Krone Phillips, 2019). Most empirical studies of math acceler-
ation and tracking have focused on middle school practices (e.g., eighth grade
Algebra I). However, the patterns we observed in this high school–based
study suggest that ninth grade acceleration or remediation plays a significant
role in how math educational opportunities are structured in a time-limited
setting (i.e., generally within 4 years to complete a hierarchical sequence).
This study demonstrates that high school is not too late to positively transform
students’ academic trajectories.

Implications for Classroom Diversity

Furthermore, although our analysis focused on student-level outcomes, the
A1 Initiative did advance the district’s broader equity and inclusion goals.
Ethnoracial and socioeconomic diversity was greater in A1 Initiative sections
relative to remedial sections, where poor and minoritized students were dispro-
portionately concentrated (see Table 2). We can quantify the differences in A1
Initiative versus control classroom-level segregation using a dissimilarity index.
This is a measure of the evenness in distribution of students and can be inter-
preted as the share of students within each treatment arm that would have to
switch classes for all sections to include a balanced proportion of the indicated
student groups. A higher ratio reflects more severe between-class segregation.
The dissimilarity index between poor (i.e., qualifying for FRPL) and nonpoor
students among A1 Initiative sections was 0.212 compared with 0.479 for con-
trol sections. The same measures comparing segregation of EL and non-EL stu-
dents were 0.243 and 0.580. Ethnoracial segregation also was lower in the
detracked condition, with the distribution of White to non-White, White to
Hispanic, and Hispanic to non-Hispanic students being 1.7 to 1.9 times more
uneven across control classes versus across A1 Initiative classes.

Cost-Effectiveness and Policy Alternatives

Even though only the lowest-achieving students benefited from the A1
Initiative, we still found that it was substantially more cost-effective than
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most education spending, generating 0.048 SD in test score gains per $1,000
spent, compared with estimates by Jackson and Mackevicius (2024) that 4
sequential years of spending $1,000 only boosted test scores by 0.032 SD.
Furthermore, most districts could fund a comparable intervention at much
lower cost than our partner district. The average teacher was paid just under
$110,000 in the A1 Initiative district for AY 2019–20, nearly double the nation-
wide mean salary of $63,645 (National Education Association, 2021).
However, this calculation likely overstates the actual cost of the A1 Initiative
because these classes were somewhat larger and required less supplementary
staff (i.e., coteaching and staffing for double-dose sections) than business-as-
usual classes.14 In general, these results suggest that the A1 Initiative, which
generated quite large gains targeted among a uniquely important subgroup
of students, is comparatively cost-effective to untargeted educational spending.

We also can specifically contrast this cost-effectiveness with returns from
the primary alternative strategies districts used to support lower-achieving
students in on-level classes: tutoring and double-dose math. Guryan et al.
(2023) estimated 0.16–0.37 SD end-of-year test score effects from a high-
impact tutoring program that cost ~$3,800 in 2013. Adjusting to 2019 dollars,
this yields a 0.038–0.089 range for ratio of effect per $1,000 of spending. The
cost-effectiveness ratio of the A1 Initiative lies squarely within this range.
Notably, the low-end estimate compared tutoring with double-dose math,
which aligns with estimated double-dose effects of ~0.25 SD (Nomi &
Allensworth, 2009).

Cortes et al. (2015) provided double-dose impact estimates ranging from
0.14 to 0.22 SD for eleventh grade test scores of students who were lower-
achieving students in the ninth grade, an apt comparison point for our eleventh
grade test score effects estimates for below-grade-level students. The A1
Initiative again produced results in the range of empirically supported alterna-
tives. Double dose is, however, more cost-effective than the A1 Initiative in its
initial form. The back-of-the-envelope estimated cost of staffing a double-dose
class section in our high-salary partner district in 2019 (i.e., again calculating
one fifth of an average teacher salary) was ~$22,000, or about $1,000 per stu-
dent (i.e., generating a cost-effectiveness ratio of 0.14–0.22).

As a practical matter, these cost estimates should be considered through
the lens of opportunity cost—what are districts giving up by providing these
interventions? Double-dose costs, for instance, may be covered by reducing
staffing for other subjects. Our analyses also did not account for the effort
costs to the student of spending twice the instructional time in double-dose
math to students in the A1 Initiative. Similarly, the A1 Initiative’s professional
development could occur without additional financial cost if it replaced other
forms of in-service training. We note that when the district later scaled the A1
Initiative to cover all students, it reduced costs by providing only some teach-
ers (i.e., those who also took on instructional leadership roles) with a course
release and cutting most consultant-provided supplemental professional
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development and coaching. It is plausible that eliminating these supportive
features reduced program efficacy along with expenses.

As initially implemented, however, the A1 Initiative was comparably effec-
tive at improving achievement for very low-proficiency students as other sup-
portive acceleration practices and similarly cost-effective per student per hour
of instruction. Given the mixed results we observed for nearly-at-grade-level
students, it is also plausible that tutoring and double dose could be effective
complements to an A1 Initiative–type program, resources permitting.

External Validity and Feasibility

The scalability of A1 Initiative–like programs is not constrained merely by
pecuniary considerations. Although the A1 Initiative is a novel and promising
proof point, the perennial challenges of replicating promising pilots implies
a healthy agnosticism about realizing these effects elsewhere. We can, how-
ever, draw some optimistic observations from research on related interven-
tions. Double dose was successfully implemented in a very different
context, the large urban Chicago Public Schools district (Nomi &
Raudenbush, 2016). Academic trajectory improvements also were identified
in a randomized evaluation (Arshavsky et al., 2025) of an early college high
school intervention in North Carolina that shared similar features with the
A1 Initiative (e.g., acceleration of low-proficiency students into ninth grade
Algebra I, high expectations, and supportive practices for students and teach-
ers). There is nothing to indicate that the A1 Initiative program success reflects
singular features of this district, which is a medium-sized, diverse, suburban,
and like numerous others in its basic instructional capacity (i.e., districtwide
instructional administrators and coaches).

Still, potential challenges to replicating the promising academic, nonaca-
demic, and inclusion benefits we observed merit emphasis. For example, pol-
icies that promote detracking often face pushback from some parents who
oppose the removal of selective tracks (Kariya & Rosenbaum, 1999; Tucker,
2023; Wells & Serna, 2010). In this respect, the A1 Initiative was a moderate
policy because the highest-achieving third of the student body was unaffected
by the reform. Additionally, we note that our analysis did not bear out con-
cerns that the addition of below-grade-level students to Algebra I classrooms
would induce negative peer effects. A partial detracking model typified by the
A1 Initiative may promote greater buy-in than broader detracking reforms.

Our findings also may not generalize to populations with different distri-
butions of baseline achievement. In the district, positive effects were concen-
trated among a small—and uniquely high-need—group of students. Similar
policies could produce even larger average gains in districts where a larger
share of students would otherwise be placed in remediation. Conversely, it
is possible that in classes with large shares of the lowest-proficiency students
(i.e., a reverse of the composition observed in Table 2), high achievers would
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experience negative peer impacts, and low achievers would not see benefits
from having more proficient peers. In sum, our findings did not necessarily
generalize to policies that would fully detrack ninth grade math, such as by
removing middle school acceleration pathways.15 Such an expansion may
risk the collective effects identified by Penner et al. (2015): The broader the
scope of a detracking program, the greater would be the risk created for unin-
tended consequences such as political backlash, negative peer effects, and
burdensome staffing and pedagogic demands. We also cannot speak directly
to the benefits of similar instructional supports in a more tracked system, but it
is plausible that A1 Initiative pedagogies and supports could promote student
learning in homogeneous classrooms as well.

A final category of threats to replication and scalability is the feasibility of
high-fidelity implementation in other contexts; that is, whether other districts
can support and nurture reforms in the manner of districts that pioneered
those reforms is uncertain. Interventions such as the A1 Initiative that rely
on substantial shifts in within-classroom practice are challenging to promote
successfully at scale (Elmore, 2010). Additionally, although our results are
robust to multiple checks for teacher-selection effects (i.e., conditioning on
observable traits, a ‘‘leave one out’’ exercise), it is possible the A1 Initiative
would be less effective if teachers were mandated to adopt it against their
preferences. Optimistically, however, the program improved outcomes for
low-proficiency students despite the COVID-19 pandemic interrupting
a planned program of teacher support in the spring of 2020. The implemen-
tation realized in this trying context still generated outcomes above and
beyond those of the status quo.

Our findings did highlight two specific areas for improvement of the A1
Initiative program. First, in twelfth grade, we observed a partial fadeout of
the A1 Initiative’s relative influence on Algebra II completion—and null
impacts for coursework beyond Algebra II. This may merely reflect differen-
tial attrition. However, it also raises a concern that students who sit out senior
math lose the subject continuity that may contribute to a successful college
transition (Wainstein et al., 2023). Thus, there could be a role for proactively
guiding students to enroll in a twelfth grade math class above and beyond
graduation requirements. In our sample, 10% of the students, including 27%
of below-grade-level students, who completed Algebra II by the end of elev-
enth grade took no math course in twelfth grade. In states that do not require
a fourth math course for high school graduation, such as California, these
results suggest that merely raising the floor in earlier grades will not translate
to higher rates of college-level math completion if expectations and counsel-
ing practices do not exert upward pressure toward the end of students’ high
school experiences. Second, evidence of small negative impacts from assign-
ment to the A1 Initiative on academic attainment for students who would have
received a ‘‘support’’ class in the control group suggests that the A1 Initiative
could be more effective for some students if paired with additional
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instructional time. However, staffing demands for co-implementation of the
A1 Initiative and double-dose math could be prohibitive in some districts.

Limitations

In addition to the constraints just noted on this study’s ability to speak
conclusively about the external validity of our findings, three other key limi-
tations are worth highlighting as areas for future work. First, we acknowledge
that this study design cannot disentangle each mechanism through which the
A1 Initiative specifically—and targeted detracking policies broadly—
mediates student outcomes. Supported acceleration practices alter not only
the content and rigor of coursework that high-need students receive but
also their peer group, their relative rank, and, often, the supplemental services
they receive. Teacher perception and quality also may change. While we
emphasize that the results of this field experiment reflect the ‘‘real world’’
nature of this class of policies as inherently composed of ‘‘bundled’’ interven-
tions, we are limited to reasoned speculation rather than confirmatory analysis
in parsing the drivers of A1 Initiative benefits on student learning engagement.
There is much to be learned from evaluation of iterative programs—such as
what happens if double dose is not removed from the nearly-at-grade-level
students?’ Or does instructionally supported acceleration still generate similar
gains to double dose and tutoring if teachers do not receive additional plan-
ning time and/or individualize coaching?

Second, while we have laid out several reasons why secular teacher quality
is unlikely to be driving these results, we cannot entirely rule out its influence in
the absence of randomized teacher assignment. Third, a full elucidation of the
social-emotional dynamics of the A1 Initiative and its impact on student engage-
ment, belonging, and self-perception is beyond the scope of this study.
Although the revealed preferences implied by improved student attendance
and retention are compelling, supplementing administrative data with student
survey or qualitative study could more explicitly identify the role of supported
acceleration in shaping student self-perception and sense of belonging.

Conclusion

In sum, this study shows that raising the floor of academic expectations
for educationally vulnerable students can be a successful strategy to link
equity goals with improved achievement. Critically, the A1 Initiative paired
reforms to course assignment with aligned supports for students and teachers.
The positive impacts of the A1 Initiative on student attendance imply that any
academic benefits of tracking likely come at the cost of student engagement.
This finding should motivate more empirical study of the theorized roles moti-
vation, belongingness, and stigma play in the educational experiences of
remedial-track students. Furthermore, even the partial detracking induced
by this reform decreased within-school segregation by race, ethnicity, and
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class. The A1 Initiative presents a provocative proof point for high school clas-
ses in which students with disparate levels of prior math achievement excel
together.
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Notes
1Goodman (2019) estimated noisy nulls with caveats for Hispanic students due to

reporting issues.
2Roughly one third of entering ninth graders were above grade level (i.e., had passed

Algebra I in middle school) and assigned to geometry (or higher). They were ineligible for
randomization.

3A few students with Individualized Education Programs (i.e., those placed in basic
math courses absent from the conventional placement policy; Figure 2) and some new-
comer English learners (i.e., those placed in Algebra I sections specifically for students
deemed to have limited English proficiency) also were excluded from our intent-to-treat
sample because they were ineligible for randomization.

4We describe the data construction, variables, and this regression specification in detail
below.

5For students at grade level, treatment reduces incidence of teachers with higher-level
credentials. This implies that our results may understate the impact of a detracked class-
room for these students.

6Most primary teachers in the sample (n = 26) identify as White (n = 14), seven as
Asian/Pacific Islander and five as non-White Hispanic. An equal number of teachers are
male and female.

7Initiative teachers were encouraged to use Illustrative Math, a curriculum and profes-
sional leaning open resource to retrieve or inspire their lesson materials. The problem-
solving emphasis of Illustrative Math broadly supports the IES–suggested practice of using
multiple strategies to solve algebra problems (Institute for Education Sciences, 2014), but
the efficacy Illustrative Math has itself not yet been independently evaluated.

8Second-semester on-site coaching and site visit plans were interrupted by the COVID-
19 pandemic. The final professional-development session was held on March 11.

9In the fall of 2019, only 79% of control students eligible for Algebra I with a support
class (nearly at grade level) took both of those courses. Control group compliances with
assignments to Algebra I (at grade level) and Algebra Readiness (below grade level) were
99% and 93%, respectively.
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10For example, referring to Figure 1, a student who scored a 2490 on the SBAC test, a 6
on the Diagnostic Online Math Assessment test, but a 20 on the Mathematics Diagnostic
Testing Project test should have been assigned to Algebra I without support, even though
they only met the qualifying threshold on one of the three tests (the Mathematics
Diagnostic Testing Project test in this case).

11We preregistered the tenth grade ICA score when we anticipated following the cohort
for 2 years. It included two performance tasks and only 11 closed-response items (e.g., mul-
tiple choice), which constrains construct validity. We prioritized SBAC test scores for this
reason, in addition to the test’s validated psychometric properties and known statewide dis-
tribution (California Department of Education, 2023).

12In the simple case, this means that a student has passed Algebra I, geometry, and
Algebra II with at least a C– course grade, although our variable construction accounts
for the full range of alternative course validations sanctioned by the University of
California system.

13We did not detect evidence of systematic differences in dropout rates across treat-
ment conditions.

14Similar figures for other strata are not included because of the null impacts observed
in Table 6.

15Recent backlash to a broad range of equity-motivated policies, such as detracking in
English language arts, suggest a more comprehensive detracking A1 Initiative would have
drawn greater community pushback.
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