The Impact and
Implementation of
Academic Interventions
During COVID:
Evidence from the Road
to Recovery Project

Maria V. Carbonari Thomas J. Kane
Miles Davison Andrew McEachin
Michael DeArmond Atsuko Muroga
Daniel Dewey Emily Morton
Elise Dizon-Ross Tyler Patterson
Dan Goldhaber Douglas O. Staiger

Ayesha K. Hashim

June 2024

WORKING PAPER No. 275-0624-2

& CALDER




The Impact and
Implementation of Academic
Interventions During COVID:
Evidence from the Road to
Recovery Project

Maria V. Carbonari
Harvard University

Daniel Dewey
Harvard University

Thomas J. Kane
Harvard Unipersity

Atsuko Muroga
Harvard University

Michael DeArmond
American Institutes for Research /| CALDER

Elise Dizon-Ross
American Institutes for Research /| CALDER

Dan Goldhaber
American Institutes for Research /| CALDER
University of Washington /| CEDR

Emily Morton
American Institutes for Research /| CALDER

Miles Davison
NWEA

Ayesha K. Hashim
NWEA

Andrew McEachin
NWEA

Tyler Patterson
University of Chicago

Douglas O. Staiger
Dartmonth College




Contents

L0707111S) 1 LSOO O OO UURURTRUTSRRTRRRN 1
ACKNOWICAZIMEINLS .....ecuvieiieiieeiieeie et et estte e ste st e ettt este e teestaesteessseasseanseesseessaesssesssessseesseessaessaesssesssesssensseessensseensns il
F N 1 1 2T AT OO USRS TUPRUPRRPR il
Lo IIETOAUCTION <.ttt bttt et et b et e st a et e bt e st e bt eb e et e e bt e et et e eb e et e sbeemtenbeseeentenbesseenee 1
2. BACKEIOUNG......oiiiiiiiiiie ettt ettt e ettt e ettt et e e e ate e e ebeesabaeesbeesssaeesssaesssaeansseasssaeanssaesssesansseessasansseensses 3
B MIEENOAS -t h et h ettt e a e bt bt et b e e a e et e e bt et e bt eat et e bt et et eaeenee 5
N 1T £ USRS 8
S RESULLS ettt h e ettt h ettt e a e bt bt et e bt ea e et eb e et e bt entetesbeeanens 12
6. DiSCUSSION & CONCIUSION ..uutiiiiiiiieitie ittt ettt ettt ettt e bt e bt e sate st e e bt e bt e bt e sbeesaeeeaeeenbeenbeesbeesaeesaneans 25
RETETEIICES ...ttt ettt s h et b e ettt e bt et shees e e bt she et e eb e eat et e e st enbesbeentebesaeenee 29
FIGUIES AN TADIES.....ccuiiiiiiiiieciie ettt ettt eete e s teestaestbeeabeesbeesbeesbeessasssessseesseesseenseeaseesssesssesrseens 34
Appendix A. SUPPIEMENtAry TabIES........ccveeiiiieriiriicieeie ettt et re e ve et esseesttessseesseenseensaessaessnessnennsenns 43
Appendix B. Intervention DeSCIIPLIONS .......cccviiiciieeiieeitieecieeeteeeteeeteeeteeesteeeseseeaseeessseessseeassseessseesssssesssesasseeanes 47
APPENAIX C. IMENOMS.....ccuiiiiieiiiecie ettt ettt sttt et et e e s teesteessaessseasseesseesseesseesssessseasseenseansaessassseesssessseans 51



Acknowledgments

This research was supported by the Carnegie Corporation of New York, the Walton Family
Foundation, Kenneth C. Griffin, the AIR Equity Initiative, and an anonymous foundation. We could not
have drafted this report without the district leaders who generously gave their time and attention to us
during a challenging school year. We are grateful to Anna McDonald, Ian Callen, Andrew Camp, and
Andrew Diemer for their assistance with various aspects of this work.

CALDER working papers have not undergone final formal review and should be cited as working
papers. They are intended to encourage discussion and suggestions for revision before final publication.
Any opinions, findings, and conclusions expressed in these papers are those of the authors and do not
necessarily reflect the views of our funders or the institutions to which the authors are affiliated. Any
errors are attributable to the authors.

We are grateful to Anna McDonald, Ian Callen, Andrew Camp, and Andrew Diemer for their assistance
with various aspects of this work.

CALDER ¢ American Institutes for Research
1400 Crystal Drive 10" Floor, Arlington, VA 22202

202-403-5796 » www.caldercenter.org

1


http://www.caldercenter.org/

The Impact and Implementation of Academic Interventions During COVID:
Evidence from the Road to Recovery Project

Maria V. Carbonari, Miles Davison, Michael DeArmond, Daniel Dewey, Elise Dizon-Ross,
Dan Goldhaber, Ayesha K. Hashim, Thomas J. Kane, Andrew McEachin, Atsuko Muroga,
Emily Morton, Tyler Patterson, and Douglas O. Staiger

CALDER Working Paper No. 275-0624-2

June 2024

Abstract

In this paper we examine academic recovery in 12 mid- to large-sized school districts across 10
states during the 2021-22 school year. Our findings highlight the challenges that recovery
efforts faced during the 2021-22 school year. Although, on average, math and reading test
score gains during the school year reached the pace of pre-pandemic school years, they were
not accelerated beyond that pace. This is not surprising given that we found that districts
struggled to implement recovery programs at the scale they had planned. In the districts where
we had detailed data on student participation in academic interventions, we found that recovery
efforts often fell short of original expectations for program scale, intensity of treatment, and
impact. Interviews with a subsample of district leaders revealed several implementation
challenges, including difficulty engaging targeted students consistently across schools, issues
with staffing and limitations to staff capacity, challenges with scheduling, and limited
engagement of parents as partners in recovery initiatives. Our findings on the pace and
trajectory of recovery and the challenges of implementing recovery initiatives raise important
questions about the scale of district recovery efforts.
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1. Introduction

Pandemic-era disruptions to schooling have resulted in academic setbacks for many
students in the US. The pandemic’s negative impact on learning is reflected in a range of
assessments, from the National Assessment of Educational Progress (NAEP) (U.S. Department
of Education, 2022a; 2020b) to NWEA’s MAP Growth tests (Kuhfeld & Lewis, 2022; 2023) and
Curriculum Associates’ i-Ready assessments (Curriculum Associates, 2020). Besides generally
harming academic progress, pandemic disruptions have worsened prepandemic inequities by
disproportionately impacting students with lower test scores and students from historically
marginalized groups (Dorn et al., 2021; Education Policy Innovation Collaborative, 2021; Lewis
et al., 2021).!

School districts nationwide have responded with a range of interventions to help students
catch-up academically, aided by $190 billion from the American Rescue Plan’s Elementary and
Secondary School Emergency Relief (ESSER) fund. Popular interventions include teaching
students in small groups, offering one-on-one tutoring, adding classes before and after school,
and adding instructional minutes to the school day (Diliberti & Schwartz, 2022). The stakes
surrounding districts’ academic recovery efforts are high. Hanushek (2023), for example,
estimates that students who fell behind during the pandemic could see their lifetime earnings fall
by 2-9 percent, and states could see their GDPs decrease by 3.5 percent, on average. Using
changes in earnings in states with prior increases on the NAEP, Doty et al. (2022) estimate

smaller, but still sizable impacts on earnings of 1.6 percent. Beneath these averages, the

! Besides its negative impact on student learning, the pandemic has also negatively impacted students’ social and
emotional well-being (Bradshaw et al., 2023; Hamilton & Gross, 2021). Early in the pandemic, for example, survey
research revealed declines in reported mental health (Patrick et al., 2020). Subsequent surveys suggest mental health
challenges continued for students in the wake of COVID, especially for LGBTQ students and girls (Jones et al.,
2022).



pandemic’s disparate impact raises urgent concerns about equity and earnings inequality. As the
U.S. Department of Education’s Office of Civil Rights noted in a 2021 report, students “who
went into the pandemic with the fewest opportunities are at risk of leaving with even less” (U.S.
Department of Education, 2021, p. 51).

In this paper, we use multiple data sources to assess academic recovery efforts in four
school districts. The districts are part of an ongoing collaboration between districts and
researchers at the American Institutes for Research, Harvard University, and NWEA. Our
analysis of participation and achievement test data suggests that the districts’ interventions
during the 2021-2022 school year failed to reach the intended number of students, and few had
statistically or practically significant effects on student math and reading test scores through
spring 2022. Interviews with district leaders in three of the four districts (with interventions we
assess) highlight a host of implementation challenges districts faced during the 2021-2022 school
year, including challenges reaching target populations, staffing interventions, scheduling
interventions, accommodating existing policies, and building adequate central office capacity.

Taken together, these results are important not only for districts’ near-term recovery
efforts but also how districts can respond to future recovery efforts coming out of periods of
disrupted learning (e.g. natural disasters) (Opper et al., 2023). Indeed, we estimate that—even if
programs had yielded the same large effects associated with high-dosage tutoring programs in
the prepandemic literature (Nickow et al., 2024)—the planned scale (i.e., participation rate and
dosage) of the four districts’ recovery interventions for the 2021-22 school year would not have
been enough to address the full scale of their students’ academic recovery needs. If K-12 systems
are not able to improve and expand their efforts to help students catch up, pandemic losses could

have long-term implications for equity and opportunity in the US.



2. Background

COVID-19’s negative impact on academic achievement in K-12 schools has been well
documented. Two years after the pandemic upended schools nationwide, results from the
NAEP’s 2022 long-term trend assessments marked the nation’s largest drop in reading scores
since 1990, and the first ever drop in mathematics scores (U.S. Department of Education, 2022a);
these results were soon followed by historic drops in the main NAEP assessments in reading and
mathematics (U.S. Department of Education, 2022b). To help put the losses in perspective, Fahle
et al. (2023) estimate the magnitude of the average decline is roughly equivalent to half a grade
level in math and almost a third of a grade level in reading.?* But the pandemic’s effects were
not uniform. Across assessments and studies, the academic losses have generally been worse in
math than reading, worse for students who spent more of the 2020-21 school year in a remote or
hybrid learning environment, and worse for students living in low-income households and those
from historically marginalized groups (Fahle et al., 2023; Goldhaber et a., 2022a; Goldhaber et
al., 2022b; Lewis et al., 2021; West & Lake, 2021). Among districts that operated remotely for
most of the 2020-21 school year, for example, students in districts serving a high percentage of
minority students were the equivalent of 0.8 grade levels behind their prepandemic scores in
math, while students in low minority districts were about 0.5 grade levels behind (Fahle et al.,
2023). To further contextualize the scale of these losses, we note the magnitude of the test score

declines in math was similar to (if not a bit larger than) that of the historically large declines

2 Compared to the 2019 scores, the 2022 NAEP scores were 0.20 standard deviations lower in 8" grade math, 0.08
standard deviations lower in 8" grade reading, 0.15 standard deviations lower in 4™ grade math, and 0.08 standard
deviations lower in 4™ grade reading.

3 Translations of effect size declines to equivalent declines in grade levels or weeks of learning are useful for
contextualizing impacts. However, they should be interpreted with caution, as rough (rather than precise)

approximations of impacts, due to the statistical assumptions required for the calculation (see Baird & Pane, 2019;
Kuhfeld & Soland, 2021).



experienced by evacuees of Hurricane Katrina, one of the worst natural disasters in U.S. history
(Sacerdote, 2012).

During the 2021-22 school year—the time-period covered by this study and, for many
districts, the first school year “in-person” since the pandemic—the school-year pace of academic
growth mostly returned to prepandemic rates (Kuhfeld & Lewis, 2022). But to close the gap
between pre- and post-pandemic test scores, the pace of academic growth needs to be faster than
“normal.” During the 2022-2023 school year, the pace of learning was not significantly faster; in
fact, it may have been slightly slower. As a result, the average student in grades 3-8 needs an
extra four to five months of instruction to reach prepandemic achievement levels in math and
reading (Lewis & Kuhfeld, 2023). And for historically marginalized students disproportionately
impacted by the pandemic, the timeline for academic recovery is even longer. Just to return to
prepandemic levels of inequality, students attending high-poverty schools are estimated to need
the equivalent of an additional month of schooling relative to students attending low-poverty
schools (Isaacs, Kuhfeld, & Lewis, 2023).

2.1 District Recovery Efforts

Prepandemic research suggests some of the academic interventions that districts are using
to deal with pandemic losses—Ilike tutoring—have the potential to accelerate student learning
(Nickow et al., 2024). At the same time, research unsurprisingly suggests that the relationship
between an intervention and academic outcomes is mediated by the intervention’s design and
implementation (e.g., Lynch et al., 2022; McEachin et al., 2018; Nickow et al., 2024). The
promising results on tutoring, for example, rely on “high dose” designs that provide tutoring to
small groups multiple times per week during the school day throughout the school year (Harris,

2009; Nickow et al., 2024). Meanwhile, the delivery of supports like tutoring is influenced by



broader implementation issues, including the supply of providers, leadership commitment,
coordination dynamics, and scheduling logistics (White et al., 2023). Stepping back, a broader
literature underscores how front-line implementation is further complicated by the institutional
context surrounding schools, as multiple actors—those who deliver interventions but also school
leaders, central office staff, superintendents, school boards, and other policymakers—influence
which intervention options are considered and the level of resources available to support them
(Meier et al., 2004; Sandford & Moulton, 2015). Despite the growing empirical literature on the
negative consequence of the pandemic and the stakes surrounding recovery, little is known
beyond a few cases about the extent to which specific district responses are helping students
rebound (Barry & Sass, 2022; Cortes et al., 2023).

In the next section, we describe our study methods, including our sample, data, and
analytic approach. Then we review our findings on impact and implementation and end with a
discussion of the results and their implications.

3. Methods
3.1  Sample

This study investigates academic recovery efforts in a sample of four districts to
understand whether and how districts’ responses provided students opportunities to catch up to
prepandemic levels of achievement. These large, urban school districts were recruited* during

the summer of 2021 to be part of the Road to COVID Recovery (R2R) research project.’

4To participate in R2R, we required that the district tested with NWEA in 2021-22, had plans to launch or expand
an academic recovery program in 2021-22 that provided additional instructional time to students, and collected
student-level data on participation in this program. Researchers provided districts with information about the
opportunity to participate through the districts’ existing contacts at NWEA. Participation was entirely voluntary and
did not include any compensation.

3 These four districts were the only districts of the R2R districts in the larger project during the 2021-22 school year
that provided sufficient data to estimate program impacts before the requested deadline. Of the remaining districts,
at least four had not implemented academic interventions at a scale and/or did not collect data that would enable the
research team to conduct a meaningful impact analysis.



Together, the districts enroll over 340,000 students across three states. As shown in Table 1, the
districts serve higher proportions of students of color and students attending high-poverty
schools compared to national averages.

3.2 Data

We use a combination of quantitative and qualitative data to examine academic
interventions during the 2021-2022 school year. The study’s main conclusions about academic
recovery and impact rely on the quantitative data.

Quantitative Data

The quantitative data for our study come from student achievement test scores on the
NWEA Measures of Academic Progress (MAP) Growth math and reading assessments in grades
3—-8. The MAP Growth test has several advantages for measuring academic recovery. First, the
tests are administered in fall, winter, and spring, allowing us to gauge changes in achievement
during the school year. This is important for assessing pandemic recovery interventions because
some did not launch until the second half of the year. Second, the tests are computer adaptive
(i.e., item difficulty increases or decreases in response to performance). Adaptive tests like MAP
Growth are more precise at the high and low ends of the achievement distribution, which is
useful for assessing pandemic recovery given the disproportionate effects of the pandemic on
students who were already struggling academically (Kingsbury et al., 2014). Third, its items are
linked to a common vertical scale that allows us to compare achievement and growth within and
across districts.

The study districts also provided detailed student-level eligibility and participation data

on their academic recovery interventions® that allowed us to examine how many and which

® Interventions for which student-level participation data were not available were not possible to include in the
analysis.



students participated, how long they participated (e.g., days) and at what level of intensity (e.g.,
hours per day), and the impact of the intervention on math and reading achievement. Per our
agreements with the districts, we veil their names when reporting our results and are purposely
ambiguous when describing interventions to protect their anonymity. Appendix Tables Al and
A2 respectively display the math and reading standardized MAP Growth scores for the sample
for each intervention by treatment status and term.

Qualitative Data

To identify the academic interventions for the study, we collected detailed programmatic
data from documents and interviews on recovery efforts in each district.” Prior to data collection,
we defined academic recovery interventions as programs that (a) were new or had expanded
since the pandemic, (b) were supported by ESSER funds, and/or (¢) provided targeted students
with additional learning time beyond what was offered during standard instruction. Over the
course of the school year, we interviewed small groups of district staff and program leaders
selected by each district for their knowledge of the district’s academic covid recovery
interventions, resulting in a dataset of eight interviews across 22 total staff members. The
identified interventions fell into five categories: (a) tutoring programs, (b) small-group push-in
and pull-out interventions (c) out-of-school-time programs (d) virtual learning programs, and (e)

extended school-year calendars. For the purposes of this study, we collapse tutoring programs

"We collected qualitative data about the districts’ academic recovery interventions throughout the school year via
two waves of semi-structured interviews. The interview protocols focused on central office intervention leaders and
lasted between 60 and 90 minutes. We conducted interviews in fall 2021 and spring 2022 to develop detailed
program descriptions. A notetaker on the research team shared his or her notes (templates for these notes are
publicly available at covidrecovery.us with participants in real time so participants could check our descriptions for
accuracy during the interview (to clarify outstanding questions, we also followed up via email and reviewed any
documentation shared by district leaders). These interviews gave us detailed information about program design
choices. Design choices included program type (e.g., tutoring, virtual learning), program content subject area (e.g.,
math or reading), program intensity (sessions per week), program dosage (minutes per session), program duration
(days or weeks per year), delivery mode (e.g., virtual or in-person), provider types (e.g., teachers, community
members), and student eligibility criteria.



and small-group pull-out interventions into one category because of the similarities in the design
of the two types of interventions. The interventions implemented in each of the four districts and
details on their designs are respectively displayed in Table 2 and Appendix B.

Besides interviewing district staff about intervention designs, we conducted additional
interviews with district-level program leaders® in three of the four districts (the fourth district
declined to participate). In these additional interviews, we used the results of the impact analysis
as a jumping off point for probing the leaders about implementation factors that might explain
the results. These interviews took place in the summer of 2022, lasted between 60 and 90
minutes, and covered a range of implementation issues, including intervention participation,
perceptions about what was working and not working, challenges and barriers, and the
intervention’s future. Table 3 describes the number of administrators interviewed for each
district and the interventions covered in the supplemental interviews.

4. Analysis
4.1  Impact Analysis

We estimate the impact of each recovery intervention using a value-added framework
that controls for observable pretreatment student characteristics, as well as pretreatment test
scores. This approach has been used to understand the impact of schools on student outcomes in
general (e.g., McEachin et al., 2016), as well as to evaluate the impact of educational programs
and policies on students’ achievement (Barry & Sass, 2022).

Value-added methods can provide unbiased estimates of intervention impacts if students’
assignment to treatment is as good as random after conditioning for observable pretreatment

characteristics. While “pretreatment” might typically be interpreted as the start of the school year

8 These leaders’ titles varied across districts but included titles such as PK-12 Director of Math, Deputy Chief of
Teaching and Learning, Multi-Tiered Systems of Support (MTSS) Director, and Tutoring Director.



(fall 2021) and earlier, in several of our participating districts, we saw evidence that student
assignment to treatment was additionally based on measures of academic progress that became
available during the school year. Specifically, second semester participation was related to
students’ winter 2021-22 MAP Growth assessment scores—even after controlling for earlier
pretreatment test scores (i.e. from fall 2021 and the prior spring 2021). If students struggling
academically mid-school year were more likely to be assigned to second semester treatment, then
our impact estimates would be negatively biased unless we condition on mid-year test scores in
addition to earlier pretreatment characteristics.”!°

To account for this scenario of mid-year treatment assignment, we therefore estimated the
following semester-level model:

MAP;gjis = ag + a;Treatment; g, + azEligible;gis + priorMAP; gty + Xig¢0 + 8¢ + €ig¢s

Here, MAP; g is the end-of-term MAP Growth score for student i in grade g at school j
in semester ¢ and subject s. We standardize these scores at the subject and grade level using pre-
pandemic NWEA national norms'!, so that the outcome can be interpreted as MAP Growth
performance relative to the national distribution of students prior to the pandemic. Treatment;y;
is a vector of binary indicators of treatment receipt for all recovery interventions available in the
district in semester .!> We include measures of students’ participation in any available

intervention in order to isolate the effect of participation only for the treatment in question, as it

? Note that our estimate would still be biased if program participation were associated with other unobservable
student characteristics, such as socio-emotional challenges, home situations, or course grades.

19 prior studies of the validity of value-added estimates (Kane and Staiger (2008), Chetty, Friedman, and Rockoff
(2014), Kane, McCaffrey, Miller and Staiger (2013)) have suggested that value added measures generate unbiased
predictions of impacts of teachers or schools. However, in those cases, students are assigned to a teacher or school
at the beginning of the year, not mid-year.

' See Thum and Kuhfeld (2020) for more detail on the calculation of prepandemic norms.

12 See Appendix C for discussion of using continuous measures of treatment receipt.



is possible in many cases for students to participate in multiple interventions simultaneously. For
some recovery interventions, students were supposed to be eligible to participate if they scored
below a certain level on a previous MAP Growth assessment or other standardized test.!® In
those cases, Eligible; 4 is a binary indicator for whether student i met the intervention
eligibility requirements, interacted with grade level. priorMAP; 4., is a matrix with a cubic
function of the start-of-term MAP Growth score in the same subject, as well as a cubic function
of the same-subject score from one term prior, interacted with grade level and the term in which
the treatment occurred (spring or fall). X; 4. is a vector of baseline student characteristics,
including race and ethnicity, gender, special education status, disability status, free or reduced-
price lunch (FRPL) eligibility, and English Language Learner (ELL) status, as well as the start-
of-term MAP Growth score in the other tested subject and the instructional week in which the

end-of-term MAP Growth assessment was taken. §j4, contains school-grade-semester-level fixed

effects.

The coefficient of interest from this model is a; for the treatment in question, which can
be interpreted as the difference in MAP performance at the end of the semester (in either math or
reading) between observably similar treatment participants and non-participants, within the same
grade and the same school, holding constant their prior MAP performance and participation in
any simultaneously offered recovery programs.

In one district, MAP Growth testing rates were notably low in spring 2022, with roughly

50 percent of tested grades not taking the assessment in that final term. As a result, in that

13 Though some interventions were designed to target students who scored below certain thresholds, we do not see
that districts adhered to these criteria when assigning students to treatment in practice. Appendix Tables A3 and A4
provide details about the intersection of intended eligibility (where applicable) and actual treatment for each
program. As described further in Appendix C, we explored the potential for regression discontinuity analyses for
each of these interventions, but found the first stage was too weak to warrant the analysis in each case.

10



district, we estimated the impact of first semester treatment participation only, using fall 2021
scores as the baseline achievement measure and winter 2022 results as the outcome.

Generally, the analytic sample for each district is limited to those students who had MAP
Growth assessment scores from the start and end of the term in which the treatment took place
(e.g., fall 2021 and winter 2021-2022 for first semester recovery interventions), as well as from
two terms prior (e.g., spring 2021).!* See Appendix C for more detail on alternative model
specifications -- including the use of different functional forms and measures of treatment
participation -- and the placebo tests we conducted to check for signs of selection bias

influencing our estimates.

4.2  Interview Analysis

Each interview was conducted by a team of two researchers and were audio recorded.
After each interview, the researchers completed an interview summary form that captured what
they had learned about the intervention in each section of the interview protocol (e.g., reflections
about participation, dosage, outcomes, challenges faced, and plans for next year). The team then
wrote case memos about each intervention, documenting emerging findings from the summary
forms and including quotes from cleaned interview transcripts to establish a chain of evidence to
support our claims. These memos focused primarily on how the participants’ account of
intervention participation, dosage, content, and delivery might explain the results in the
quantitative data. Upon completing the memos, the research team reviewed them to identify

common themes across districts and interventions.

14 For some districts, we are also able to include state standardized test scores in the value-added model, enabling us

to include students with missing MAP Growth scores if they have non-missing state test scores from the same term.
See Appendix for more detail.

11



These supplemental interviews elaborate on our quantitative findings, but they also have
important limitations. Most notably, we interviewed leaders in only three districts that managed
to start providing interventions to students during the 2021-22 school year and to collect data on
students’ participation. So, we cannot capture the range of implementation conditions faced by
the districts that could not start interventions or collect data on them in the 2021-22 school year.
Even in the districts where we conducted interviews, we did not capture the perspective of front-
line implementers (e.g., teachers, tutors, interventionists). Instead, we rely on the perspective of
central office leaders. In the end, the weight of the study and its conclusions rests on the
quantitative impact analysis, while our qualitative findings help suggest the complexity

surrounding the implementation of academic recovery interventions during the pandemic.

5. Results
5.1  Intervention Impacts

Table 4 and Figure 1 show the estimated impacts of treatment on math achievement for
each of a series of math interventions in the four districts. We report impact estimates for each of
the math interventions used across the four districts as the total effect across all grades served by
the intervention and separated into effects for the elementary and middle school grade ranges
served by the intervention when possible. In column 1, we report the coefficient on the indicator
of whether a student received at least one session of treatment with math achievement as the
outcome. For five of the resulting seven district/intervention combinations (across grades), the
confidence interval for the impact includes zero, implying that we could not reject the null
hypothesis of no impact. The confidence interval for all but one of these combinations also rules
out effects larger than 0.05 standard deviations, a threshold under which school year intervention

effect sizes are considered “small” in education research (Kraft, 2020). In the remaining two

12



cases, we estimate marginally significant impacts of participation on math achievement for all
grades or a subset of grades: District A Tutoring/Small Group #1 and District B Virtual
Learning. Though statistically significant, the magnitude of these estimated effects are also
small, ranging from 0.02 to 0.04 standard deviations.

Column 2 shows coefficients from corresponding placebo tests, which examine selection
bias by estimating the impact of participating in a subject-specific intervention (which plausibly
only affects test achievement in that subject) on achievement in the opposite subject. In only one
of the two cases in which we found small positive coefficients on participation in math
intervention(s) did the intervention also pass the placebo test: District A Tutoring/Small Group
#1. While it is possible the positive placebo estimate for District B Virtual Learning is
representative of true impacts of the intervention on reading achievement, we also cannot rule
out the possibility that students who participated in this intervention were different from students
who did not participate in unobservable ways that led to their gains in both math and reading (as
opposed to the fact that they participated in the intervention). Therefore, the positive placebo test
reduces our confidence that the significant impact estimates for District B Virtual Learning
should be directly attributed to the intervention.

Columns 3 and 4 show the estimated treatment effect per hour of treatment, along with its
corresponding placebo test. We calculate these estimates by dividing the results in columns 1 and
2 by the average number of intervention hours for treated students in the district, reported in
column 5. This approach, which assumes a linear relationship between treatment dosage and
impact, is a fairly simplistic method of modeling the effect of an hour of treatment. We report

these hourly estimates simply to convert impact estimates to a scale that is comparable across

13



interventions, given the considerable variation in the average treatment dosage received across
interventions and districts. '

For context, we also report in column 6 the estimated impact we would have expected to
see if the interventions had the same impact per hour as found in the prepandemic research on
high-quality tutoring (Nickow et al., 2024; see Appendix C for additional detail). These
“expected” total impacts for participating students range from 0.02 to 0.10 standard deviations
across interventions. In all but one case (District B Virtual Learning grades 6-8), the expected
impacts exceed the observed treatment effects. Furthermore, Figure 1 shows that, in most cases,
the upper bounds of the confidence intervals for the treatment effects are below the expected
effect estimate. In other words, we can rule out that the interventions had the same effect on
math achievement per hour as the high-quality prepandemic tutoring programs in Nickow et al.’s
(2024) meta-analysis.

Table 5 and Figure 2 show comparable results for seven district/intervention
combinations (across grades) targeted at reading achievement. In only one case (District C
Tutoring/Small Group #1), the estimate for the effect of any participation was statistically
different from zero—but the point estimate was negative.'® For the estimated effects of an hour
of treatment, District A Tutoring/Small Group #1, District A Tutoring/Small Group #2, and
District C Tutoring/Small Group #1 had significant impacts, though District C’s intervention’s

impact was again negative.

15 We estimate hourly effects in this way out of concern that our continuous measures of intervention participation
are endogenous to student motivation or ability (discussed more in Appendix C). By dividing by the average dosage
received across a// students, we are able to calculate impact estimates that are comparable across interventions with
less potential for bias.

16 We think the negative point estimate on District C Tutoring/Small Group #1 (K-3) is likely to be caused by
selection bias—according to conversations with administrators in that district, teachers frequently assigned students
to participate in the program throughout the semester if that student was having difficulties with reading.

14



Because of the small, negative, and/or null effects estimated for each intervention, we did
not estimate interaction effects of interventions for students who participated in multiple
interventions within the year. Nevertheless, a small proportion of students received multiple ELA
interventions in two of the four districts and math interventions in three of the four districts. The
percentage of students receiving multiple interventions in a subject in these districts ranged from
5 to 22 percent. A higher percentage of students were receiving at least one intervention in both
math and ELA, ranging from 14 to 74 percent across the four districts.

When we consider the specifics of participation in these interventions, the estimated
impacts shown in Figures 1 and 2 are unsurprising. The number of students served and the
amount of instruction provided were nearly always lower than planned (see Appendix Tables A3
and A4 for eligibility, participation, and dosage rates for math and ELA interventions). For
example, districts’ tutoring and small group interventions intended to serve between 5 and 45
percent of students across targeted schools and grades. However, over the course of the school
year, the data indicate that these programs generally reached less than 20 to 30 percent (and
sometimes less than 10%) of their intended enrollment, totaling 5 to 10 percent of all students in
the targeted schools and grades.

The dose of programming students received also fell short of districts’ plans. We found
districts that had planned on offering students between 15 and 30 hours of mathematics tutoring
per term (30 to 60 hours per year) ended up, on average, providing students 5 to 10 hours of
math tutoring. For students who did participate, the number of sessions and the length of sessions
were also often less than originally planned. In one district that had planned to offer students 90
sessions of tutoring over the course of the school year, students attended 13 sessions on average.

In another district, math tutoring sessions were supposed to provide 100 minutes of instruction
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during the week over five sessions; in practice, the average student attended 28 minutes of
tutoring per week.
5.2 Intervention Implementation

The lack of impact from the interventions is unsurprising given the major implementation
challenges identified in interviews with district leaders. Leaders mentioned a range of
implementation challenges. All three districts reported challenges related to (a) reaching the
targeted students consistently and equitably across schools; (b) staffing and staff capacity; (¢)
scheduling and delivering intervention services; (d) adapting interventions to accommodate
existing federal, state, and district policies; and (e) building central office capacity and internal
systems for scaling interventions. Importantly, each of these challenges was situated in and often
exacerbated by the challenging context of the ongoing pandemic during the 2021-2022 school
year.
Reaching Target Students

The interventions we studied typically targeted students based on one or more test
performance thresholds (e.g., students who had scored below the 20th percentile on the MAP
Growth test). Some interventions incorporated other eligibility criteria, such as low attendance
rates, low course grades, or teacher recommendations when assigning students to interventions.
But intervention leaders said they often decentralized decisions about student participation to
schools and classrooms—effectively letting school personnel refer students to treatment—in the
hope that the approach would generate buy-in from principals and teachers and help match
students with appropriate interventions. In practice, this left principals and teachers to decide the
balance between district-mandated eligibility criteria and their own professional judgment about

which students had the greatest needs and/or would benefit most from the intervention.
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Decentralizing eligibility decisions played out in several ways. For example, leaders of
one intervention reported that teachers recommended students with test scores above the
eligibility threshold because the teachers believed their students’ scores were inflated and did not
accurately reflect their achievement. While these teachers may have had a better understanding
of their students' needs than what was reflected in test results, in other places, leaders reported
that local decision-makers were directing services away from target populations and towards
students with lower academic needs. Leaders of a reading intervention in one district reported
schools focused on “bubble” students on the cusp of proficiency, rather than the low-performing
students the intervention intended to serve (the intervention targeted students who performed at
or below the 15th percentile of the school’s test score distribution). In another district, 31% of
the students who took part in a math intervention intended for students at or below the 20th
percentile in math had scores above the 40th percentile. In two of the districts, leaders reported
that schools occasionally used tutoring to help students who were performing at grade level but
struggling with a specific topic. One leader concluded, “I think it [tutoring] is happening with the
wrong set of kids.”

Sometimes schools did not adhere to the intervention’s targeting criteria because teachers
believed the intervention was misaligned with student needs. For example, a leader of a math
intervention in one district explained that some schools found that the students initially chosen
for the intervention did not have the foundational skills necessary to benefit from it. In response,
the district expanded its eligibility for the intervention from the lowest 25 percent of math
performers to the lowest 30-35 percent of performers and gave teachers discretion to identify the

students in this group who they thought would benefit from the intervention.
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In another case, district leaders required schools to use district-level eligibility criteria
(e.g., test score thresholds) for an initial wave of students and then allowed schools to use their
own criteria to identify a second wave of students to access the intervention and fill in any
available slots. Here, the district leaders felt this approach improved local buy-in and allowed
schools to expand access to the intervention for more students while still preserving the district’s
interest in serving priority students. In the end, guidelines for assigning students to interventions
that appear routine on paper were, in practice, hard to apply consistently.

Hiring and Deploying Staff

Districts used a range of strategies to staff interventions. Some contracted with vendors or
hired new intervention specialists to work in schools. Others hired graduate assistants, retired
and current teachers, or undergraduate and high school students. When possible, districts
leveraged existing staff and existing relationships with vendors, individual volunteers, and
community-based organizations to find intervention staff. Each approach presented its own
challenges.

For example, districts that contracted with vendors gave up some control over the staff
selection process, making it difficult for district leaders to ensure staff quality and consistency
throughout the year. In a tutoring program that relied on community providers, the intervention
leader said they felt like they did not have the luxury to do anything beyond basic background
checks because of a tight labor market. Conversely, when districts hired intervention specialists
and tutors directly, central offices—already stretched thin—had to invest substantial time and
resources in the hiring process.

District leaders reported that leveraging existing staff and prior vendor relationships
helped get interventions started earlier in the year. Starting from scratch, however, created delays

in some cases. For example, leaders in one district said they spent the first five months of the
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school year negotiating contracts with tutoring vendors to ensure that they were federally
compliant and could be paid using ESSER funding. This meant that the district’s tutoring
programs did not launch until February and March 2022. In another district, a small team in the
central office was responsible for hiring, onboarding, and training tutor providers. The leader of
this team said its limited capacity created a bottleneck that delayed tutors’ placement in schools.
Once in schools, tutors had to work with teachers to identify student needs, delaying the delivery
of services even further. In certain schools, persistent teacher turnover caused still other delays,
as teacher—tutor relationships had to be restarted with each new hire.

Even when districts were able to get providers in place, other staffing problems could
occur. One intervention leader reported needing to redeploy intervention specialists to cover
regular classrooms because of COVID-related teacher absences during the Delta and Omicron
surges. The leader of a reading intervention in another district concurred, explaining how the
Delta surge affected staffing in one school:

At the start of the year, at one of our schools, they had something like 24 teachers out.

They all had COVID. That was two weeks where interventionists were pulled from what

they would regularly do. There’s no way around it...you need a body in the classroom.

“Usually, it was a domino effect,” the leader said, with illnesses delaying interventions
for weeks. In the same district, teachers reportedly used interventionists at the beginning of the
year to help get small groups going, rather than delivering academic interventions. As one leader
put it, the interventionists “have an eye on what the school needs,” beyond their specific
responsibilities to individual students.

Just as schools sometimes struggled to provide interventions because of teacher absences

during the Delta and Omicron surges, COVID outbreaks also resulted in student absences that
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could reduce the planned-for frequency and dosage. As students moved in and out of school and
experienced stress and pressure related to the pandemic, some interventionists reported
challenges with student behavior that made it harder to deliver the planned dose of academic
support. Commenting on the amount of time spent in intervention sessions to manage student
behavior, one district leader said, “If behavior is the thing that students need to get going [in
school], maybe behavior should be the intervention.” Finally, interviewees noted that even the
fear of COVID could affect implementation. Early in the school year, for example, leaders said
that some teachers were reluctant to send students to pull-out groups because they thought it
would increase everyone’s risk of infection.

Scheduling and Delivering Interventions

Interviews suggested that scheduling challenges could also make it harder for schools to
deliver interventions as planned. “It comes down to access,” said one intervention leader. “How
easy is it to pull a student [from class] and bring them back?” Across all three districts,
intervention leaders reported that delivering pull-out programs during the school day could be
challenging. This was due, in part, to instructional time being fully planned out during the
regular school day. Responding to data showing low intervention uptake and dosage, one district
leader shared, “All of our literacy minutes were already being used for other things, so the data
do not shock me.” According to intervention leaders, some classroom teachers resisted pull-out
interventions because they did not want students to miss grade-level core instruction. In other
cases, students who would have been eligible for a pull-out intervention based on their test scores
could not receive it because it conflicted with other, higher priority (or state-mandated) supports
(e.g., ELL/Individualized Education Program services).

In multiple cases, leaders reported that intervention providers had to navigate schedules

with individual teachers to meet with target students. This process meant that the same
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intervention could occur at different times in different buildings, so the untreated counterfactual
(what students missed during their intervention) varied across students and schools. One tutoring
program director likened scheduling to a complex puzzle, a “game of figuring out where each
person goes and fits [so that]...kids get hours but also we want tutors to get their hours.” Local
complexity and discretion sometimes meant that “schools did their own thing [when it came to
scheduling] and that is hard for us [the district] to control,” according to one district leader.

District-level schedules could also make accessing interventions easier or harder. For
example, one district mandated extra intervention minutes for reading in all elementary school
schedules, but not for math. As a result, reading intervention providers (a position that predated
the pandemic) were reportedly more likely to find time to work with students than math
intervention providers (a new position).!”

In each of these cases, ease of scheduling was a function of who was responsible for
scheduling and the extent to which intervention times aligned with existing school schedules.
When intervention time was accounted for in school schedules and building administrators
helped prioritize and coordinate scheduling, intervention leaders reported fewer scheduling
issues. When schools worked directly with external contractors to schedule interventions outside
of school hours, district leaders reported fewer issues and constraints. However, scheduling
intervention sessions after the school day limited access for students who wanted to participate in

extracurricular activities or did not have access to transportation after school.

7 District leaders also observed programs having more success when they predated the pandemic because they
could draw on existing relationships between interventionists and teachers and were well aligned with the school’s
core curricula. One district leader commented that schools with tutoring programs before the pandemic were much
better positioned to grow their programs during the pandemic than those without prior programming.
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Arranging intervention times was not the only scheduling challenge. In some cases,
schools did not have adequate space for interventionists to work with students in small groups,
further complicating intervention delivery. A district leader of a math intervention, for example,
said:

Location was often an issue. Classrooms were not physically designed to have a group

pulled in the back in many schools. So, their [students’] time was less because they lost

minutes coming and going to the group.

By contrast, in cases where intervention providers had space to work and could easily
bring all their materials into the classroom, schools were reportedly better able to provide the
planned dose of the intervention.

Aligning with Existing Federal, State, and District Policies

District leaders also faced the challenging task of embedding interventions in an existing
system of federal, state, and local policies. At times, this required adapting interventions to
accommodate existing rules and procedures, which, in turn, delayed the rollout of services or
diminished their quality. To use ESSER funding for a tutoring intervention, leaders in one
district had to revise their vendor contracts to meet federal contracting requirements, which
delayed the intervention’s rollout. Another district leader discussed having to comply with a state
mandate requiring the use of tutoring to deliver a remediation curriculum, even though the leader
believed it was more appropriate to use tutoring for grade-level content. Districts were
implementing concurrent interventions that could conflict with the academic recovery
intervention in ways confusing to teachers. To prevent confusion and frustration, district leaders
prioritized aligning the features of the interventions and occasionally had to depart from

evidence-based practices. For example, one district administrator discussed increasing tutoring
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group sizes to more than what is considered best practice to align with the small-group sizes
prescribed by the district’s recently adopted, multi-tiered system of supports (MTSS) program.

Competing district initiatives also strained educator capacity for implementing
interventions. Examples of concurrent initiatives implemented by the districts in the 2020-21
school year included new core curricula in reading and math, new training for teachers, COVID
quarantine and testing policies and procedures, other digital tools for assessing and remediating
student learning, new social-emotional and mental health supports, and other districtwide
interventions. One district leader asked rhetorically, “How much capacity do people have? It [the
multiple initiatives] is so much,” implying that educators were overburdened and exhausted by
the new policies and interventions adopted by the district. Another district leader said that,
because schools were still learning how to implement other interventions that served the same
student population as their tutoring program, it made it harder to ensure consistent scheduling for
students and tutors.

Ensuring Central Office Capacity to Support Scale

Finally, district central offices often lacked capacity to oversee and coordinate the
implementation of the interventions. Many of the representatives we spoke to worked in small
teams, consisting of two or three total staff members, who were suddenly in charge of hiring
intervention providers, coordinating school schedules, and overseeing implementation of an
intervention for their entire district. Therefore, district leaders had limited time and capacity to
manage these processes while also fulfilling other professional roles and responsibilities in the
district. In reflecting on the past year, one district administrator shared that they could have
provided better professional development to interventionists had it not been for the hours of new

literacy training required by state law that they also had to provide for teachers.
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District representatives also described working with internal systems that were not
designed to handle the demands of interventions on such a large scale. As noted earlier, one
district’s process for hiring, onboarding, and training tutors was time consuming and delayed
student placement with tutors. Another district leader shared that compliance management of
diverse tutoring providers was cumbersome, primarily because the district did not have internal
data systems to track tutoring hours and attendance across different providers. These remarks
suggest that, to implement interventions at scale, districts need the authority and resources to
invest in central office staffing and internal systems for overseeing these programs.

In summary, COVID-recovery interventions were often not implemented at the frequency
or dosage originally planned in part because schools faced challenges related to reaching the
targeted students, staffing, scheduling interventions, and limited central office capacity. Of
course, these tasks were challenging because schools were attempting to help students recover
from COVID while the pandemic was still happening. In addition, district leaders had limited
capacity and systems from within the central office to take these interventions to scale, and
sometimes had to adapt interventions to accommodate existing policies in ways that delayed
services or reduced the quality of services offered to students.

The findings from our interviews underscore the challenging reality of the districts’
implementation contexts. While our findings illuminate how these challenges hindered
implementation in the 2021-2022 school year, many of the districts have already developed plans
to address some of these persistent challenges in the 2022-2023 school year. Our interviews with
district leaders suggest that implementation of recovery interventions is an iterative process that
will require continual adjustments to internal (e.g., staffing shortages, intervention eligibility

criteria and assignment policies, school schedules) and external (e.g., a surge in COVID-19
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cases, state and federal policies) factors

6. Discussion & Conclusion

Consistent with other recent evidence that districts made little progress toward academic
recovery on average during the 2021-22 school year (e.g., Jacobson, 2022; Kuhfeld & Lewis,
2022), our analysis of four districts’ recovery interventions finds they served few students and
had minimal (if any) positive effects on student achievement relative to business as usual. Of
course, in theory, the wide range of catch-up efforts in these districts could be raising
achievement for al/l students, making it hard to detect treatment effects from the interventions.
These districts vary in the amount of recovery they need to return to their prepandemic
achievement levels, but they all have more ground to make up than the average U.S. district,
whose 2022 state test scores declined -0.49 grade levels in math and -0.31 grade levels in reading
relative to 2019 (Reardon et al., 2023). As displayed in Table 6, the 2022 scores of the four
districts herein declined by -0.22 to -0.56 grade levels in math and -0.08 to -0.60 grade levels in
reading (Reardon et al., 2023). To catch up, student learning will need to move at a faster pace
than it did prepandemic.

To better understand our findings on intervention participation, dosage, and impacts, we
interviewed a subset of district leaders about implementing interventions. The results suggest
that staffing and scheduling problems often plagued recovery efforts. As a result, many
interventions served fewer students than originally intended—and often served students who
were not in the targeted groups. In some cases, academic interventions displaced regular
classroom instruction, reducing the contrast between the intervention “treatment” and business as

usual, again making it difficult to detect treatment effects. Schools and districts alike experienced
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the benefits and limits of decentralized decision-making, which can support local adaptation but
also create inconsistency and confusion.

The implementation challenges district leaders recounted suggest that the simple-
sounding logic of academic intervention—identify students in need and provide them extra
support—belies a host of complex design decisions and implementation dynamics. Under
existing decentralized decision-making structures and constraints on capacity and time, there are
no easy solutions to address pandemic losses.

Providing sufficient intervention for all students in need is going to require historic
action. States and districts can help by providing transparent and accessible measures of
students’ academic progress and recovery to schools, families, and students. Recent surveys
indicate that parents currently underestimate the extent to which their own students are behind
(Anderson et al., 2022; Hubbard & Burns, 2022). Districts and states may need to do more to
inform families and communities about how students are doing now, whether they are on track
for recovery, and what can be done if recovery does not look like it is happening at an adequate
pace. There is evidence, outside of the pandemic context, that better alignment between grades
and measured test scores results in better student achievement (Gershenson et al., 2022). In light
of emerging evidence of grade inflation during the pandemic (Goldhaber & Young, 2023), it is
important for school districts to make sure grades and other student outcomes (e.g., math and
reading assessments) are aligned, given that grades are arguably the most direct means for
schools to communicate with parents about student learning. Many schools are also
implementing voluntary interventions which require school systems to articulate the extent to
which students need supplemental (outside of the regular school day) services and to nudge

families to use the intervention(s) to get even moderate student take-up (Robinson et al., 2022).
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Successfully increasing the scale of interventions in districts will, in some cases, require
more resources (e.g., staff and staff compensation). We show elsewhere that learning losses
varied across districts (Goldhaber et al., 2022a) and that the ESSER funds districts received may
be sufficient for recovery in low-income districts that were in person during the 2020-21 school
year. But ESSER funds are unlikely to be sufficient for the larger share of districts that spent
more time in remote status. Moreover, because the ESSER dollars were based on district poverty
rates, these federal dollars will also be inadequate in the low-poverty districts that were remote
for much of 2020-21 (Goldhaber et al., 2022b; Shores & Steinberg, 2022). In addition to funding,
our findings suggest that districts may need to invest in central office capacity and internal
administrative systems (e.g., data systems, hiring procedures) to implement academic recovery
interventions at scale.

Given that a tight labor market limited the ability of schools to implement some recovery
initiatives, districts may also need to cast a broader net to recruit adults to provide interventions
in schools and seek out new or expanded partnerships with external organizations. Our
interviews indicate that some districts managed to supplement their academic interventions with
external partnerships. They tapped local community centers, educator preparation programs,
college students, parents, and local community members to provide academic help. Given the
scale of the need, these types of external partnerships are a key resource for expanding recovery
efforts in the 2022-23 school year. Not every district we studied, however, was able to leverage
external partnerships to support academic recovery.

Finally, districts will need help to expand their interventions to be commensurate with
their students’ losses. In most cases, this will mean expanding student participation and dosage in

existing programs, as well as /ayering interventions (e.g., high dosage tutoring and an extended
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school year) for targeted students. To illustrate this point, we end the paper by translating the
average student’s remaining recovery in these districts to the hours of high dosage tutoring that
would be needed for a full recovery (see Table 6). Just for students in grades 3-8, the four
districts in this study will need to deliver an average of 9 to 23 hours of math tutoring per student
in addition to an average of 2 to 21 hours of reading tutoring per student to fully recover all
students. In these large districts, this roughly equates to between 150,000 and 650,000 total hours
of reading tutoring and between 370,000 and 1,430,000 total hours of math tutoring provided by
a district to students in grades 3-8. If we assume tutors work 5-hour days for 180 days a year,
delivering 150,000 hours of reading tutoring would require deploying around 160 reading tutors.
For most districts, this level of intervention would be a significant step up in intensity from what
was implemented during the 2021-22 school year. Districts do not, however, have to tackle this
problem alone. States and other civic leaders can help districts mobilize communities by
providing information, political cover (for example, on extending learning time), and investing in
the capacity of districts, schools, and communities to support and advocate for recovery. A
coordinated approach is not only important for school systems’ response to pandemic-related
learning disruptions, but will also inform our responses to future emergencies that disrupt
schooling for extended periods of time.

Complete academic recovery—and, ideally, academic acceleration—is as urgent as it is
challenging. Especially in the places hit hardest by the pandemic, academic recovery from
COVID-19 is likely to require an all-hands-on-deck response for the next several years.
Recovery is unlikely to be completed when the federal dollars run out in September 2024,
suggesting that states will need to take further action to support additional academic

Interventions.
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Figure 1. Estimated Treatment Effect of Math Interventions
A. Impact estimates for binary measure of treatment
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B. Impact estimates for hourly measure of treatment
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Notes: Point estimates (grey dots) show the average effect of receiving any amount of math intervention (panel A)
or one hour of math intervention (panel B) in a given term on math MAP Growth scores at the end of that term. For
all districts aside from District C the model used is a stacked model with a fall and spring term for each student;
models for District C include a fall term only. Covariates in the model include participation indicators for other math
interventions and reading interventions, prior MAP and state testing (when available) in both math and reading,
student demographics, indicators for the calendar week that testing took place for baseline and outcome MAP
Growth tests, and school-grade-term fixed effects. When applicable, models also include indicators for a student
scoring below a certain MAP Growth threshold at baseline for interventions where eligibility is based on a MAP
Growth score cutoff. Blue lines indicate 95% confidence intervals. The expected effect of treatment (pink diamonds)
in panel A is calculated by multiplying the average dosage in hours by the estimated average hourly effect of high
dosage tutoring in math (0.0074 SD) according to the meta-analysis by Nickow et al. (2024).
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Figure 2. Estimated Treatment Effects of Reading Interventions

A. Impact estimates for binary measure of treatment

Any Treatment Estimate versus Expected Effect From Research
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Notes: Point estimates (grey dots) show the average effect of receiving any amount of reading intervention (panel A)
or one hour of reading intervention (panel B) in a given term on reading MAP Growth scores at the end of that term.
For all districts aside from District C the model used is a stacked model with a fall and spring term for each student;
models for District C include a fall term only. Covariates in the model include participation indicators for other
reading interventions and math interventions, prior MAP and state testing (when available) in both math and
reading, student demographics, indicators for the calendar week that testing took place for baseline and outcome
MAP Growth tests, and school-grade-term fixed effects. When applicable, models also include indicators for a
student scoring below a certain MAP Growth threshold at baseline for interventions where eligibility is based on a
MAP Growth score cutoff. Blue lines indicate 95% confidence intervals. The expected effect of treatment (pink
diamonds) in panel A is calculated by multiplying the average dosage in hours by the estimated average hourly
effect of high dosage tutoring in literacy (0.0089 SD) according to the meta-analysis by Nickow et al. (2024).
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Table 1. Sample Demographics

Nationwide NWEA
Study Districts Districts U.S. Public Schools
Average school enrollment 632 467 472
% FRPL 68% 54% 55%
% Asian 4% 4% 4%
% Hispanic 42% 21% 25%
% Black 25% 16% 15%
% White 26% 52% 49%
% City 77% 29% 28%
% Suburb 18% 28% 28%
% Town 0% 11% 12%
% Rural 5% 31% 32%

Note: FRPL=free or reduced priced lunch. The source of the variables is the Common Core of
Data (CCD) collected by the National Center for Education Statistics during the 2019-2020
school year.
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Table 2. Program Usage Across Sample Districts

Tutoring and  Out-of-School  Virtual Extended
Small Group  Time Learning Calendar
Interventions
District A X X
District B X X X
District C X X X X
District D X X X



Table 3. Supplemental Implementation Interviews and Intervention Programs

Number of Participants

Intervention Programs

District A

3

Tutoring / small group
intervention #1
(reading and math)
Tutoring / small group
intervention #2
(reading)

District B

Tutoring / small group
intervention (reading
and math)

Virtual learning
program intervention

(math)

District C

Tutoring / small group
intervention #1
(reading and math)
Tutoring / small group
intervention #2
(reading)

Virtual learning
program intervention
(math)
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Table 4. Estimated Treatment Effects of Math Interventions

(1) (2) 3) “) (5) (6) (7 (3)
Any Participation Hourly
. Point Placebo Estimated Placebo Avg Expected
L Intervention Sample % . . . Effect from
District (Grades) students Treated Estimate  Estimate Impact Estimate  Dosage Tutoring
(SE) (SE) (SE) (SE) (Hours) o oot
Tutoring/Sm 43,270 6.07%  0.0143 0.0022 0.00147  0.00022 9.72  0.0719
Group #1 (4-8) (0.0104)  (0.0139)  (0.00107) (0.00143)
Tutoring/Sm 18212 9.50%  0.0244* 00138  0.00215* 0.00122 1132 0.0838
Group #1 (4-5) (0.0112)  (0.0191)  (0.00099) (0.00169)
Tutoring/Sm 25,058 3.54%  0.0016 -0.0054 0.00025 -0.00082  6.53  0.0483
Group #1 (6-8) (0.0181)  (0.0194)  (0.00277) (0.00298)
Tutoring/Sm 40,828 2.88%  -0.0157  -0.0034  -0.00291 -0.00063  5.40  0.0400
Group (K-8) (0.0117)  (0.0142)  (0.00216) (0.00262)
Tutoring/Sm 27,589 3.45%  -0.0151  -0.0048  -0.00264 -0.00085 570  0.0422
Group (K-5) (0.0137)  (0.0169)  (0.00240) (0.00296)
Tutoring/Sm 13239 1.65%  -0.0225  -0.0066 ~ -0.00554 -0.00164 ~ 4.06  0.0300
s Group (6-8) (0.0206)  (0.0242)  (0.00508) (0.00597)
Virtual 40,828 18.53% 0.0186**  0.0159  0.00339** 0.00290 549  0.0406
Learning (K-8) (0.0068)  (0.0084)  (0.00124) (0.00153)
Virtual 27,589 20.61%  0.0151 0.0032 0.00235  0.00050 6.42 0.0475
Learning (K-5) (0.0085)  (0.0106)  (0.00133) (0.00165)
Virtual 13239 14.07% 0.0369**  0.037**  0.0143** 0.0143** 258  0.0191
Learning (6-8) (0.0090)  (0.0123)  (0.00350) (0.00477)
Tutoring/Sm 15,502 3.46%  0.0281 0.0332 0.00276 ~ 0.00326  10.17  0.0746
Group (K-3) (0.0346)  (0.0297)  (0.00340) (0.00292)
c -
Virtual -0.00548 0.01784*  10.65  0.0828
Learning (K-5) 19,242 85.56%  -0.0584  -0.190*** *x
(0.0490)  (0.0520)  (0.00460) (0.00488)
Tutoring/Small 20,926 5.58%  -0.0005 0.0089 -0.00004 0.00077  11.67  0.0864
b Group (K-7) (0.0109)  (0.0136)  (0.00093) (0.00116)
Virtual 20,926 24.60% 0.0133 0.02* 0.00104 0.00156*  12.83  0.0950
Learning (K-7) (0.0088)  (0.0099)  (0.00068) (0.00077)

* p<0.05 ** p<0.01

Notes: Point estimates show the average effect of receiving any amount of math intervention in a given term on

math MAP Growth scores at the end of that term, and the estimated effect of receiving one hour of math

intervention. The estimated effect of receiving one hour is calculated by dividing the average effect of receiving any
amount of intervention by the average number of hours received among treated students (column 5). For all districts
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aside from District C the model used is a stacked model with a fall and spring term for each student; models for
District C include a fall term only. Covariates in the model include participation indicators for other math
interventions and reading interventions, prior MAP and state testing (when available) in both math and reading,
student demographics, indicators for the calendar week that testing took place for baseline and outcome MAP
Growth tests, and school-grade-term fixed effects. When applicable, models also include indicators for a student
scoring below a certain MAP Growth threshold at baseline for interventions where eligibility is based on a MAP
Growth score cutoff. Placebo estimates show the effect of any amount of math intervention on MAP Growth reading
scores, using the same model specifications. Average dosage indicates the average number of hours treated students
received the intervention for each term. The expected effect from tutoring research is calculated by multiplying the
average dosage in hours by the estimated average hourly effect of high dosage tutoring in math (0.0074 SD)
according to the meta-analysis by Nickow et al. (2024).
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Table 5. Estimated Treatment Effects of Reading Interventions

(1) (2) 3) “4) (5) (6) (7) 8)
Any Participation Hourly
. Point Placebo Estimated Placebo Avg Expected
District In(térr‘;edttsl;) " sstzgleljllfs Tr:ﬁte d Estimate Estimate Impact  Estimate Dosage Egif(:riom
(SE) (SE) (SE) (SE)  (Hours) Researci
Tutoring/Sm  37-333  6.18%  0.0015  0.0203* 0.00019  0.00254*  7.99  0.0711
Group #1 (4-8) (0.0143)  (0.0093)  (0.00180) (0.00117)
Tutoring/Sm 12,345 9.88%  0.0206  0.0168 0.00190  0.00155  10.82  0.0963
N Group #1 (4-5) (0.0184) (0.0144)  (0.00170) (0.00133)
Tutoring/Sm 24,988 4.38% -0.0222  0.0240* -0.00456  0.00494*  4.86  0.0433
Group #1 (6-8) (0.0207) (0.0119)  (0.00427) (0.00245)
Tutoring/Sm 28,754 1.73%  0.0478  -0.0281 0.00230  -0.00135  20.80  0.1851
Group #2 (K-5) (0.0250) (0.0234)  (0.00120) (0.00113)
5 Tutoring/Sm ~ 17.964 5.40%  0.0102  0.0008 0.00156  0.00012  6.52  0.0580
Group (K-5) (0.0148) (0.0136)  (0.00227) (0.00208)
Tutoring/Sm 15533 3.45% .0.0794%* .0.0236  -0.00558** -0.00166 1424  0.1203
. Group #1 (K-3) (0.0263) (0.0230)  (0.00185) (0.00162)
Tutoring/Sm 10,278 3.69% _0.0161 -0.00081  -0.00168 -0.00088  9.60  0.0839
Group #2 (K-2) (0.0438)  (0.0369)  (0.00456) (0.00384)
Tutoring/Sm 22,686 4.70% -0.0065  -0.0105 -0.00045  -0.00073  14.35  0.1277
5 Group (K-8) (0.0084) (0.0078)  (0.00059) (0.00054)
Virtual 22,686 13.80% -0.0108  0.0128 -0.00078  0.00093  13.78  0.1226
Learning (K-8) (0.0098)  (0.0089)  (0.00071) (0.00065)

* p<0.05 ** p<0.01

Notes: Point estimates show the average effect of receiving any amount of reading intervention in a given term on
reading MAP Growth scores at the end of that term and the estimated effect of receiving one hour of reading
intervention. The estimated effect of receiving one hour is calculated by dividing the average effect of receiving any
amount of intervention by the average number of hours received among treated students (column 5). For all districts
aside from District C the model used is a stacked model with a fall and spring term for each student; models for
District C include a fall term only. Covariates in the model include participation indicators for other reading
interventions and math interventions, prior MAP and state testing (when available) in both math and reading, student
demographics, indicators for the calendar week that testing took place for baseline and outcome MAP Growth tests,
and school-grade-term fixed effects. When applicable, models also include indicators for a student scoring below a
certain MAP Growth threshold at baseline for interventions where eligibility is based on a MAP Growth score
cutoff. Placebo estimates show the effect of the any amount of reading intervention on MAP Growth math scores,
using the same model specifications. Average dosage indicates the average number of hours treated students
received the intervention for each term. The expected effect from tutoring research is calculated by multiplying the
average dosage in hours by the estimated average hourly effect of high dosage tutoring in literacy (0.0089 SD)
according to the meta-analysis by Nickow et al. (2024).
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Table 6. Estimated Achievement Loss and Recovery from Spring 2019 to 2022, Grades 3-8

Change from

Change from

Avg high-dosage

Spring  Spring . spring 2019 .
Subject 2019 2022 Sﬂggﬁﬁgf fo spring gletfrsfl%:liutf
(SDs)  (SDs) 2022 (SDs) 2022 (grade eliminate the loss
levels)
District A Math -0.06  -0.21 -0.15 -0.49 21.6
Reading -0.31  -0.33 -0.02 -0.08 2.4
District B Math -0.09  -0.25 -0.16 -0.56 23.1
Reading -0.03  -0.20 -0.17 -0.60 20.5
District C Math 0.00  -0.06 -0.06 -0.22 8.6
Reading  0.05 0.02 -0.03 -0.10 3.6
District D Math 0.19 0.04 -0.15 -0.51 21.6
Reading -0.02  -0.10 -0.08 -0.29 9.7

Notes. Spring 2019 and spring 2022 estimates are from the Stanford Education Data Archive
(Version SEDA 2022 2.0; Reardon et al., 2023) and are scaled such that a 0 in this metric is
equal to the average of the national NAEP average (in grade 5.5) in spring 2019, and 1 unit in
this metric is equal to 1 student level standard deviation (SD). Estimates in this scale are
comparable across the whole country, and over time, but they are not comparable across
subjects. Tutoring hours to eliminate the loss are calculated based on Nickow et al.’s (2024)
estimates that approximately 38.9 hours of tutoring per year in math results in a 0.27 SD gain in
math achievement and 35.0 hours of tutoring per year in literacy results in a 0.29 SD gain in

reading achievement.

42



Appendix A. Supplementary Tables

Appendix Table A1. NWEA MAP Math Scores by Term, Intervention, and Treatment Status

Fall 2021 MAP RIT score Spring 2022 MAP RIT score Fall 2021 MAP Normed Spring 2022 MAP Normed

Treated Not Treated Treated Not Treated Treated  Not Treated Treated Not Treated

Intervention (Grades) Mean SD Mean SD  Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD
District A Tutoring #1 (4-8) 192.47 14.97 209.19 18.33 201.50 15.75 217.48 18.56 -1.09 0.80 -0.26 1.01 -1.00 0.88 -0.23 1.02
District A Tutoring #1 (4-5) 187.47 1273 201.09 16.76 198.26 15.27 212.36 17.70 -1.11 0.83 -0.22 1.09 -0.99 0.94 -0.14 1.08
District A Tutoring #1 (6-8)  202.65 14.01 214.84 17.23 207.93 14.67 221.11 18.30 -1.04 0.75 -0.29 0.96 -1.03 0.75 -0.29 0.97
District B Tutoring (K-8) 183.74 25.62 189.80 31.16 192.41 23.94 198.29 29.09 -0.74 091 -0.14 1.08 -0.88 096 -0.31 1.11
District B Tutoring (K-5) 177.37 22.81 176.60 26.69 187.13 22.17 187.08 25.61 -0.82 0.90 -0.14 1.10 -0.95 097 -0.35 1.13
District B Tutoring (6-8) 21293 15.56 217.85 19.10 215.97 16.08 222.37 20.13 -0.38 0.84 -0.13 1.06 -0.56 0.84 -0.23 1.06
District B Assigned Software (K-8) 182.90 29.89 191.16 31.09 192.33 28.37 199.44 2894 -0.44 1.22 -0.09 1.04 -0.59 126 -0.27 1.06
District B Assigned Software (K-5) 171.54 23.57 177.95 27.13 182.09 22.97 188.38 25.96 -0.60 1.24 -0.05 1.03 -0.77 128 -0.27 1.06
District B Assigned Software (6-8) 218.74 16.34 217.61 19.47 224.77 17.27 221.84 2049 0.08 1.01 -0.17 1.06 0.00 0.99 -0.28 1.06
District C Tutoring (K-3) 162.71 13.69 176.72 17.21 173.43 13.24 187.77 1648 -0.99 0.71 0.16 1.03 -1.02 0.77 0.07 1.01
District C Assigned Software (K-5) 184.45 21.01 170.45 17.23 194.36 19.75 177.20 14.83 0.23 1.00 -0.35 1.03 0.13 0.99 -0.50 0.99
District D Interventions (K-7)  182.05 27.05 194.70 29.77 193.61 24.14 206.50 27.06 -0.75 0.92 0.68 091 -0.68 096 0.60 0.90
District D Interventions (K-5)  172.60 24.53 185.54 26.70 186.40 22.86 198.74 2490 0.76 0.92 0.71 0.95 -0.67 098 0.63 0.94
District D Interventions (6-7)  206.05 16.05 226.86 12.93 21191 16.36 233.81 13.06 -0.70 0.93 0.57 0.74 -0.72 091 0.51 0.73
District D Classroom (K-7) 181.03 29.90 190.72 29.21 192.16 26.12 202.43 26.59 0.72 092 0.22 1.13 -0.68 095 0.18 1.10
District D Small Group (K-7)  194.42 15.95 189.44 30.24 204.02 1630 201.27 27.41 _9080 087 021 1.13 -0.73 092 0.18 1.10
District D Supervised (K-7) 181.07 26.35 19391 29.86 192.77 23.57 205.62 27.12 -0.80 0.91 0.57 098 -0.73 095 0.50 0.96
District D Other (K-7) 186.82 26.61 190.00 29.54 197.26 23.20 201.73 26.88 _0.69 0.90 0.18 1.14 -0.66 094 0.15 1.11

Appendix Table A2. NWEA MAP Reading Scores by Term, Intervention, and Treatment Status
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Fall 2021 MAP RIT score  Spring 2022 MAP RIT score Fall 2021 MAP Normed Spring 2022 MAP Normed

Treated Not Treated Treated Not Treated Treated  Not Treated Treated Not Treated

Intervention (Grades) Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD
District A Tutoring #1 (4-8) 189.56 15.96 204.55 18.98 195.18 16.19 209.13 18.59 -1.09 0.88 -0.32 1.10 -1.12 0.99 -0.37 1.13
District A Tutoring #1 (4-5) 185.01 14.31 197.96 17.87 193.52 15.67 205.47 17.80 -0.95 0.81 -0.16 1.06 -0.90 094 -0.15 1.09
District A Tutoring #1 (6-8) 194.54 16.18 207.55 18.71 196.97 16.55 210.81 18.71 -1.24 093 -039 1.11 -1.36 098 -0.46 1.13
District A Tutoring #2 (K-5) 175.91 12.02 179.85 24.48 188.56 14.24 190.39 23.23 -1.31 0.59 -0.23 1.09 -1.05 0.85 -0.25 1.11
District B Tutoring (K-5) 180.09 22.14 186.59 26.66 185.66 20.62 192.52 24.49 -0.54 0.87 -0.02 1.08 -0.75 096 -0.25 1.13
District C Tutoring #1 (K-3) 157.36 12.54 174.68 19.72 169.74 13.26 184.10 17.95 -0.88 0.67 0.20 1.03 -0.86 0.71 0.08 1.00
District C Tutoring #2 (K-2) 152.43 10.88 167.05 16.90 167.48 14.83 180.29 16.60 -0.81 0.72 0.21 1.06 -0.73 0.89 0.12 0.99
District D Interventions (K-8) 180.38 27.53 199.15 29.05 189.30 24.60 207.50 2543 -0.63 1.02 0.69 091 -0.64 1.06 0.63 0.91
District D Interventions (K-5) 169.03 24.75 186.87 27.11 180.62 23.02 197.66 24.44 -0.58 0.98 0.74 098 -0.57 1.03 0.67 0.97
District D Interventions (6-8) 201.89 18.09 223.78 12.37 205.80 18.23 227.24 12.71 -0.74 1.07 0.59 0.72 -0.77 1.11 054 0.76
District D Classroom (K-8) 183.49 23.54 191.70 30.24 192.88 21.23 200.18 2694 -0.62 098 0.18 1.15 -0.58 1.01 0.13 1.16
District D Small Group (K-8) 180.05 27.46 194.79 29.76 189.18 24.39 203.15 26.45 -0.62 099 037 1.10 -0.62 1.02 032 1.11
District D Supervised (K-8) 186.81 24.67 192.13 30.89 194.31 22.43 200.92 2739 -0.72 1.02 032 1.10 -0.72 1.07 027 1.10
District D Other (K-8)  164.83 26.64 194.78 28.45 176.46 24.41 20291 2530 -0.74 099 024 1.13 -0.72 1.06 0.19 1.13
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Appendix Table A3. Math Interventions Eligibility, Participation, and Dosage

Panel A: Panel B:
Eligible vs Treated Dosage
e eliaible. % oliaibl o (Ilntendeq A}\I/erage
) o eligible, % eligible, . .. osage in ours
Intervention (Grades) not tr%ated treagted incligible, hours attended
treated
(per term)  (per term)
District A Tutoring #1 (4-8) 37.00% 5.98% 0.10% 15 9.72
District A Tutoring #1 (4-5) 37.16% 9.31% 0.19% 15 11.32
District A Tutoring #1 (6-8) 36.88% 3.51% 0.03% 15 6.53
District B Tutoring (K-8) 24.46% 1.31% 1.56% 18.5-55.5 5.40
District B Tutoring (K-5) 25.16% 1.70% 1.75% 18.5-55.5 5.70
District B Tutoring (6-8) 22.95% 0.48% 1.17% 18.5-55.5 4.06
District B Assigned Software (K-
8) - - - 27.75 5.49
District B Assigned Software (K-
5) - - - 27.75 6.42
District B Assigned Software (6-
8) - - - 27.75 2.58
District C Tutoring (K-3) 3.21% 1.84% 1.62% 30 10.17
District C Assigned Software (K-
5) 1.08% 85.04% 0.52% 24 10.65
District D Interventions (K-7) 11.59% 25.23% 6.17% 15 14.48
District D Interventions (K-5) 12.19% 23.50% 5.60% 15 14.45
District D Interventions (6-7) 9.79% 30.50% 7.91% 15 14.57
District D Classroom (K-7) - - - - 9.26
District D Small Group (K-7) - - - - 11.67
District D Supervised (K-7) - - - - 12.83
District D Other (K-7) - - - - 7.07

Note. We do not display information about eligibility for interventions for which we did not receive the necessary data to
capture eligibility. If intended dosage was not clearly defined at the term-level, we assumed it was 50% of the annual

intended dosage.
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Appendix Table A4. ELA Interventions Eligibility, Participation, and Dosage

Panel A: Panel B:
Eligible vs Treated Dosage
% 0 0 Intended Average
. eligible . A) . .A’. dosage in hours
Intervention (Grades) S1vIC, eligible, ineligible, &
not troated treated hours attended
treated (per term)  (per term)
District A Tutoring #1 (4-8) 39.17% 6.07% 0.11% 15 7.99
District A Tutoring #1 (4-5) 41.95%  9.67% 0.20% 15 10.82
District A Tutoring #1 (6-8) 37.80%  4.31% 0.07% 15 4.86
District A Tutoring #2 (K-5) 33.46% 1.56% 0.17% 15 20.80
District B Tutoring (K-5)  21.83%  2.00% 3.40% 18.5-55.5 6.52
District C Tutoring #1 (K-3)  5.97% 2.02% 1.43% 45 14.24
District C Tutoring #2 (K-2) 14.99% 3.67% 0.02% 5-37.5 9.60
District D Interventions (K-
8) 12.35%  27.04% 8.28% 15 16.26
District D Interventions (K-
5) 12.42%  25.28% 9.48% 15 16.07
District D Interventions (6-
8) 12.20%  30.45% 5.97% 15 16.60
District D Classroom (K-8) - - - - 8.23
District D Small Group (K-
8) - - - - 14.35
District D Supervised (K-8) - - - - 13.78
District D Other (K-8) - - - - 9.48

Note. We do not display information about eligibility for interventions for which we did not receive the necessary
data to capture eligibility. If intended dosage was not clearly defined at the term-level, we assumed it was 50% of
the annual intended dosage.



Appendix B. Intervention Descriptions

Intervention Design Choices

The interventions listed in Table 2 varied along multiple dimensions—which students
were targeted; when the intervention happened; whether sessions were virtual or in-person; the
qualifications and backgrounds of the providers; the student-provider ratio; and the frequency
and duration of sessions. In this Appendix, we provide summaries of the variation we observed
in the design of each type of program across the four districts included in this study.
Tutoring and Small Group Interventions

Each of the four districts implemented tutoring or similar small group interventions to
give students additional academic support, and two districts had two distinct such interventions.
Four of the six interventions provided support in math and reading, and the other two programs
focused exclusively on reading. The design of these interventions varied across districts and
sometimes across schools within one district. For example, one district offered both in-person
and virtual tutoring programs at different schools. In two districts, these interventions were
offered both during typical school hours and after school, whereas they were offered only during
school hours in the other two districts. For interventions that happened during the school day,
they used a “pull-out” approach that involved intervention staff removing students from core
instruction, enrichment time, or advisory to work with them in a separate space. Students were
targeted to receive these interventions based on a variety of at-risk factors and low academic
performance (e.g., test scores, course performance).

The personnel tasked with providing these interventions varied. Two districts had only
credentialed teachers providing these interventions, whereas the other two districts also
employed local college students, national tutoring services, local nonprofit organizations, and/or

high school students. The programs were designed for students to receive between 2—5 sessions
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per week, with total expected instructional time in a given subject ranging from 30-90 hours
over the course of the entire year. The planned length of intervention sessions also varied, from
20 to 90 minutes.
Out-of-School-Time Programs

Two of the four districts used Saturday programs to provide additional instruction to
students. These programs were run by school sites and were not offered at all schools. They were
focused on providing math and reading instruction and support (e.g., test prep, homework help)
for students in K-8 in one district and K-12 in the other district. Participation was optional for
both programs, but students were encouraged by teachers to participate based on their academic
performance. Saturday programming was mostly offered in the spring and typically ran for 4.5
hours each day. Neither district systematically tracked Saturday programming, such that the total
amount of time that enrolled students spent at Saturday programming is unknown.
Virtual Learning Tools

Virtual learning tools (e.g., iReady, ALEKS, Dreambox) were used as an academic
recovery intervention in three of four districts. They used the programs to add academic time to
students’ days beyond core instruction. Each district targeted students who were performing
below grade level or whom a teacher had recommended for participation for these interventions.
One district required all students in a subset of low-performing schools to use the program.
Districts assigned students to use the platform both during and outside of school hours. The
amount of time students were expected to use the program ranged from 30 minutes to 3 hours per
week (approximately 18 to 108 hours per year). Data on student participation and usage of these
programs was available for two of the three districts.

Extended School Calendars
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Finally, two of the four districts extended the school year in a subset of schools to give
students additional days of instruction throughout the year. One district implemented three
different models of an extended school year across participating schools, while the other district
used one model. In two of the models, the additional days were not distinguishable from regular
school days. In the other two models, the additional days provided slightly reduced math and
reading instructional time, and more time was allocated for enrichment and social-emotional
learning (SEL) activities. All extended school days were offered in person, staffed by teachers
from the participating school sites, and had student—teacher ratios consistent with the schools’
typical classroom ratios. The two districts varied in the schools and students they targeted, with
one district targeting the lowest performing schools, and the other selecting schools based on
school and family interest. Three of the programs were designed so that all students at the
participating schools received additional days of instruction, whereas the remaining program
specifically targeted students who were most in need of additional academic support.

The four models also varied in the total number of extra days and additional instructional
time they provided to participating students relative to the traditional school calendar. One model
provided students with three additional, typical days of instruction. Two other models gave
students 22 additional days of instruction, but one of the models had half-days for each
additional day. The full-day model consistently provided students with an additional 2 hours of
reading instruction and 1.5 hours of math instruction per day, totaling an extra 44 hours of
reading and 33 hours of math per year relative to the traditional calendar. The half-day model
was less consistent in its instructional time across days but offered up to 1.5 hours of instruction
in math and reading per day, totaling a maximum possible 33 additional hours in math and

reading over the year. The remaining model provided students with up to 18 additional days of
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school. For this model, each day included 1.5 hours of reading instruction and 1 hour of math
instruction, totaling a maximum of 27 additional hours of reading and 18 additional hours of

math over the course of the year.
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Appendix C. Methods
Intervention Impacts—Variations in Estimation Models

For some districts, program participation was related not only to baseline characteristics
and prior scores on the MAP Growth assessments, but also to other measures of prior
achievement, such as state standardized test scores. In these cases, we estimated the following
value-added model on a semester-by-semester basis, treating each semester, #, as a separate
observation:

MAP;4jis = ag + a;Treatment; g + azEligible;ges + priorMAP; 4y
+ priorStatetest;zesf + Xige6 + Gjges + €igts

This model differs from our general model described in the main text in that it includes
priorStatetest; s, a matrix with a cubic function of previous state standardized test scores in
the same subject, interacted with grade level. Moreover, the availability of an additional measure
of prior student performance enabled us to slightly loosen the sample restrictions for students
who could be included in the estimation. Specifically, for observations of second semester
program participation (i.e., interventions that took place in spring 2022), we included students so
long as they had non-missing winter and spring MAP Growth test scores from 2021-22 and at
least one from either a fall 2021 MAP Growth score or spring 2021 state standardized test. In
models of this specification, we imputed missing prior test scores using the district-level mean
and included a dummy indicating imputation, interacted with all test score variables.
SSSSSSSSSSSSSSSS
Alternative Specifications

In addition to our main VAM specification used for each district’s interventions, we
estimate several alternative specifications to test the sensitivity of our findings. One potential

concern with our preferred specification is that value-added models that include higher order

51



terms of prior test scores could plausibly lead to biased estimates due to noise in the upper and
lower tails of the test score distribution. While an advantage of using MAP Growth scores is that
its computer adaptivity reduces noise in the tails, we estimate supplemental models that include
only linear terms of prior MAP Growth scores, rather than cubic polynomial functions, as a
robustness check to our results. We arrive at consistent conclusions using these models as we do
with our preferred specification.

Additionally, we estimate models that use continuous measures of intervention
participation (e.g. number of intervention hours attended) rather than binary indicators of
intervention participation. These models assume a linear relationship between the amount of time
spent in an intervention and impacts to students’ test scores. We do not report the results of these
models as our estimate of the hourly effects of interventions out of concern that they are likely to
be endogenous-- depending on the intervention, students who are struggling more could be more
likely to attend numerous hours of a recovery program. Alternatively, for more self-guided
interventions such as virtual learning, more motivated students could be more likely to attend for
numerous hours. Nonetheless, we find no evidence that using continuous intervention measures
leads to conflicting conclusions compared to our main results.

The results of all supplemental models are available upon request.

Placebo Tests

The validity of value-added models hinges on successfully accounting for all relevant
factors that differ among treated and untreated students and that could also be associated with
student outcomes. One standard way to test for bias in our models is to model a treatment’s
impact on alternative student outcomes that should not be affected by treatment participation.

Thus, for each of the math interventions we examined, we also examined impacts on reading
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scores. Similarly, for reading interventions, we examined impacts on math performance. In most
cases, we could not reject the hypothesis that the impact on the untargeted subject was equal to
zero, as would be expected in a well- specified model. However, in some cases, such as the
combined effect of participating in any math-focused interventions in District D (i.e. “All
Interventions™), we estimated a positive impact on math achievement, as well as a positive
impact on reading achievement. Such a pattern implies selection into the math interventions
based on unobserved factors for which we could not control.
Regression Discontinuity Design

In three of the four districts in which we examined treatment effects of individual
interventions, student assignment to one or more interventions was at least partially based on
receiving a MAP Growth score below a certain threshold in a previous term. Assignment to
treatment based on a cutoff in a continuous variable (here, MAP Growth assessment scores)
often provides the opportunity to estimate treatment effects using a regression discontinuity
design. We explored this methodology in all three districts, but ultimately found very weak first
stages in all of them. These findings were corroborated by our district interviews, from which we
learned that students’ assignment to particular interventions was frequently influenced by teacher
discretion, scheduling issues, and instructional capacity. We plan to continue exploring the
viability of using regression discontinuity designs in future analysis, as we expect that the R2R
districts’ program implementation will become more systematic over time and intervention
assignment may adhere more to their intended design.
Estimating Expected Effects per Hour of Intervention

To contextualize the size of the effects we estimate in this study, we also estimate the size

of the effect we would expect to see for each intervention based on the number of hours students

53



attended the intervention if the intervention were to have the same average effect per hour as the
prepandemic tutoring programs studied in Nickow et al.’s (2024) meta-analysis. The meta-
analysis examines experimental evidence on tutoring programs from preschool through
secondary school and finds pooled estimates of the impact of tutoring on student achievement are
approximately 0.27 standard deviations in math and 0.29 standard deviations in reading.
Accounting for the weights associated with each program in the meta-analysis (using Nickow et
al.’s (2024) replication package), we calculate the average number of hours of tutoring offered
associated with the pooled effects: 38.9 hours of math tutoring and 35.0 hours of literacy
tutoring. Over 85 percent of the programs included in the study were conducted during school
hours, so we then approximate student attendance in the programs as the U.S. NCES 2017-18
public school average daily attendance (ADA) rate of 93 percent (see NCES tables 203.80 and
203.20), generating estimated effects of 0.0074 standard deviations per hour of math tutoring
attended and 0.0089 standard deviations per hour of literacy tutoring attended. To calculate the
expected effect of each of our programs, we multiply these hourly impact estimates by the
average hours (i.e., dosage) of programming that students received for each program in the study.
In Table 6, we also use these expected hourly impact estimates to approximate the hours

of instruction needed to counteract the pandemic loss in each district by the following:

Spring 2022—-Spring 2019 Spring 2022—-Spring 2019
(Spring pring )*38.9formath0r(p g pring )

* 35.0 for reading. However,
27 29

if districts face similar ongoing barriers to implementing interventions in the future, the
interventions may have weaker positive effects per hour of intervention on student outcomes
than the pre-pandemic tutoring programs included in Nickow et al.’s (2024) meta-analysis.
Therefore, the additional hours of tutoring we estimate districts need for full recovery should be

interpreted as a lower bound.
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