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Abstract

Many K—12 school districts are leveraging online personalized learning platforms as part of their
COVID-19 recovery efforts. We examined the extent to which one such platform, i-Ready, was
associated with improved student achievement growth in a southeastern district. We find that
students performed better on math and reading standardized assessments when using i-Ready;
this is especially true for students who received FRPM, identified as Black, and/or identified as
male. Additionally, students whose teachers assigned at least one lesson in addition to
automatically assigned lessons benefited even more from i-Ready use. Consistent with prior
research, online instructional tools appear most effective when used 40 to 100 hours a school
year, with diminishing returns past that point. Our findings suggest that when implemented in a
manner that integrates teacher expertise and at an appropriate dosage, platforms such as i-Ready
are useful recovery tools that can help school districts enhance student learning, particularly for
students belonging to marginalized groups. Further, online learning tools may be particularly
beneficial in instances where high cost, low uptake, and/or participant stigma might limit the
effectiveness of more traditional remediation strategies.
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The COVID-19 pandemic resulted in widespread school closures beginning in March
2020 (Goldstein et al., 2020). To maintain schooling during this period, the majority of schools
transitioned to crisis-driven virtual learning that continued for many well into the 2020-21 school
year (Kaufman & Diliberti, 2021). During this time, students experienced drastic reductions in
academic growth compared to pre-COVID-19 cohorts (Darling-Aduana et al., 2022; Kogan &
Lavertu, 2021; Kuhfeld & Lewis, 2022; Kuhfeld et al., 2022; Patrick et al., 2021; Pier et al.,
2021; Renaissance Learning, 2021). Since then and despite substantial investments in recovery
interventions, students have experienced inconsistent academic recovery (Carbonari et al., 2022;
Lewis & Kuhfeld, 2023; Curriculum Associates, 2023). Given the challenges to academic
recovery, states and school districts continue to seek ways to improve student performance.

Among a host of strategies, many K—12 districts have turned to online tools to assist in
student learning recovery. The rapid switch to virtual learning during COVID-19 precipitated
large-scale investments in virtual learning infrastructure, programs, and professional
development. These investments changed the landscape of how and in what way virtual learning
will play a role in students’ educational experiences moving forward. As such, our research seeks
to assess the effect of one virtual learning strategy—the widely used i-Ready Personalized
Instruction platform—on student achievement and recovery.

We studied i-Ready because it was the online learning platform used by the K—12 school
district in which we are engaged in a multi-year Research Practice Partnership. As part of their
COVID-19 recovery strategy, the school district made i-Ready available to schools. Teachers
had discretion over use but were encouraged to assign regular lessons and activities within the
platform. Students could access and complete i-Ready activities both during and outside of the
school day. i-Ready has several key features typical of online learning platforms, including
diagnostic testing, computer adaptive assessment, personalized instruction, and responsive
instruction that adjusts pacing based on student understanding. In studying i-Ready, we aim to
speak to the potential of the wider array of online learning platforms with similar features.

Studies examining the role of online learning platforms in students’ post-pandemic
recovery are nearly non-existent. This study is the first that centers solely on online instructional
tools. The only other study we are aware of that estimated effect sizes of online learning
platforms as a COVID-19 recovery intervention examined them as one of many interventions
(Carbonari et al., 2022). As such, researchers were unable to examine the specific features and
usage of the various platforms identified. Our study also provides one of the first investigations
of online personalized learning platform at-scale. Despite these platforms becoming an
increasingly common instructional tool in the post-pandemic education landscape, a recent meta-
analysis on the topic failed to identify studies of interventions serving more than 300 students
(Zheng et al., 2022).

To extend knowledge in this area, we examined the associations between student
achievement growth and i-Ready usage overall, by feature, and for students across various prior
performance levels, grades, and sociodemographic variables. We conducted this analysis using
data from a K—12 metro district in the southeast. More specifically, we leveraged the staggered
rollout of i-Ready in the district as well as detailed administrative and log data from the online
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instructional platform. In doing so, this study aims to expand understanding of online
interventions and contribute to research on the post-COVID-19 learning landscape.

The Post-Pandemic Education Landscape

Early studies of students’ COVID-19 achievement recovery found that the pandemic’s
negative effect on student achievement grew during the 2020-21 school year (Sass & Goldring,
2021; Kuhfeld et al., 2022). By fall 2021, students began to recover slightly, with students’ pace
of achievement progress matching or approaching pre-pandemic norms (Kuhfeld & Lewis, 2022;
Sass & Goldring, 2022). Fahle et al. (2024) found that students recovered a third of their original
loss in math and a quarter of their loss in reading between spring 2022 and spring 2023,
reflecting larger than typical growth. Students also achieved improvements in math proficiency
on state assessments in most states between 2021 and 2023; however, there is less evidence of
recovery in reading (Barnum & Belsha, 2023; Oster, 2023). Despite progress, most students
continued to perform below their pre-pandemic national percentile ranking (Carbonari et al.,
2022; Curriculum Associates, 2023; Fahle et al., 2024; Sass & Ali, 2022). Kuhfeld and Lewis
(2022) estimate that students would need a minimum of three school years to fully recover
academically.

COVID-19 Recovery Interventions

Since the pandemic, school districts have offered four main interventions to promote
student academic recovery: extended school calendars, tutoring, after-school or out-of-school-
time programs, and online instructional tools. Each intervention aims to provide additional
instructional and learning time to students beyond the traditional school day. We discuss the
implementation and general successes of each in turn.

Extended School Calendars and Days

To offer students additional days of instruction for recovery, some school districts
extended their school year (Carbonari et al., 2022). Some districts began the school term early
day (Kraft & Novicoff, 2022; Carbonari et al., 2022). Others integrated additional school days or
optional days for extra support or teacher professional development, and a third group extended
the school day (Kraft & Novicoff, 2022; Carbonari et al., 2022). Pre-pandemic research points to
generally positive increases in achievement when students have at least ten more days added to
their school calendar (Aucejo & Romano, 2016; Kraft & Novicoff, 2022) or when extending the
school day (Kraft & Novicoff, 2022; Figlio et al., 2018; but see Checkoway et al., 2013). Despite
this circumstantial pre-pandemic evidence, researchers studying the implementation of extended
school time post-pandemic failed to identify positive impacts (Carbonari et al., 2022).

Tutoring

Pre-pandemic research also demonstrates that high-dosage tutoring (of at least 30 minutes
daily tutoring outside the school day) can significantly improve student learning in math and
reading (Allensworth & Schwartz, 2020; Hashim et al., 2024; Markovitz et al., 2022). Models
varied in hours of tutoring (e.g., 30-minute or 90-minute sessions), frequency (e.g., daily or four
days a week), and format (e.g., one-on-one tutoring or small group tutoring sessions), yielding
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varying levels of effectiveness in student recovery (Allensworth & Schwartz, 2020; Hashim et
al., 2024). Districts that offered fewer hours of tutoring experienced limited effects on student
recovery, while districts that engaged in more frequent, targeted high-dosage tutoring,
traditionally defined as 50 hours or more of tutoring over 36 weeks (see Fryer, 2016),
experienced meaningful progress toward recovery (Carbonari et al., 2022).

After-school and Out-of-school Programs

Extended instructional time interventions were also used for pandemic recovery.
Strategies to extend instruction time include extended summer school, before-school, after-
school, and out-of-school programs. In contrast to extended calendar or school-day interventions,
these programs typically offer a combination of academic and enrichment activities, in which
students may receive additional instructional time in small groups rather than individualized,
high-dosage assistance (Gershenson & Lomax, 2021; Carbonari et al., 2022). These programs
tend to target lower-performing students. Pre-pandemic findings suggest that six weeks of
summer learning can produce up to a quarter of a year of learning (Augustine et al., 2016).
However, the effects of pandemic recovery summer school are minimal, with the most positive
study identifying that summer school could close only 2 to 3 percent of a district’s total learning
losses in math (Callen et al., 2023; Carbonari et al., 2022).

Virtual Learning and Online Instructional Tools

Lastly, districts turned to online instructional tools to aid in student recovery. i-Ready
(discussed in more detail below) stands among a host of these platforms (e.g., ALEKS,
Dreambox). Some districts rely on online instructional tools during core instruction, while others
use them to extend or add instructional time to core instruction (Carbonari et al., 2022). Research
on online tool effectiveness as a pandemic recovery strategy is limited. However, Carbonari and
colleagues (2022) find marginal effects for this intervention in one district.

Conditional on effectiveness, virtual platforms do not face many of the challenges of
other recovery interventions, such as stigma, low uptake, and requiring real-time (synchronous)
instructor support. Family and student uptake of educational recovery interventions has been low
when delivered as optional programs (Carbonari et al., 2022; Kraft & Falken, 2021; Silver et al.,
2022), whereas virtual platforms can be integrated during the school day or assigned as
homework. Participation does not require transportation or changes to family schedules. Students
can access the program anytime, anywhere using a web browser and their login credentials.
Additionally, when integrated within the regular school day, the use of online tools can provide
instructional activities for students, allowing teachers to reallocate their attention to higher-
impact learning tasks, including providing support for students who require the most remediation
(Darling-Aduana & Heinrich, 2018). Lastly, there is some concern that uptake of remediation
interventions might be depressed due to concerns over stigma (Kraft & Falken, 2021; Nickow et
al., 2024), which is less likely to occur when programs are offered universally. The current study
adds to the small, growing body of research on the effectiveness of online tools as a recovery
strategy.

Online Instructional Tool Features
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According to their website, i-Ready is a suite of online instructional tools that includes
assessment, screening, and math and reading lessons. K-8 standards-aligned formative
assessments and adaptive assessments provide feedback on specific content students need help
mastering. There are also specialized tools designed for students receiving special education
services and for students enrolled in pre-kindergarten and Head Start programs. i-Ready
marketing materials describe its system as providing “explicit and systematic instruction” within
lessons that are “active, supportive, and relevant to their lives” (i-Ready, 2025). Lessons
emphasize active strategies like polling, experimentation, learning games, and working with
manipulatives (i.e., objects like blocks, dice, and dominoes that can be used to make math more
concrete; Carbonneau et al., 2013). Many lessons are also responsive, which i-Ready defines as
adjusting the pace of the lesson to how quickly the learner is mastering content. Assessment data
is used to direct students to K-8 reading and math lessons covering content they have yet to
master. Alternatively, or in addition, teachers can select (or deselect) lessons for their students to
complete. Lessons are available in both English and Spanish with features designed to support
English language learners. As such, i-Ready combines several features available across online
learning tools designed to be blended into traditional in-person instruction, including: vendor-
developed, asynchronous content delivery, adaptive online diagnostic assessment, and
personalized learning.

Prior research has documented that asynchronous lessons developed by the largest online
course vendors tend to focus on lower-order cognitive tasks due to the emphasis on creating
highly standardized, structured lessons that can be mass-produced and implemented with
minimal instructor oversight (Darling-Aduana, 2021; Darling-Aduana & Hemingway, 2022).
Assessments tend to be predominantly multiple-choice questions that only require students to
remember and recite instead of thinking critically about content (Darling-Aduana, 2021; Darling-
Aduana et al., 2024). In other words, few of these technology-facilitated programs facilitate the
type of authentic tasks and interactions that support meaningful online learning (Woo & Reeves,
2008). Additionally, answers to assessments designed by many of the largest online course
vendors are readily available online, with frequent evidence of cheating (Heinrich et al., 2019;
Darling-Aduana et al., 2024). Consequently, student outcomes tend to be negative, especially for
students with lower prior achievement levels or less ability to self-regulate (Heinrich et al., 2019;
Ahn & McEachin, 2017; Besecker et al., 2020; Fitzpatrick et al., 2020; Gonzales et al., 2020;
Woodworth et al., 2015).

However, instructional quality and subsequent outcomes may be more positive when
content is developed by smaller-scale, research-based vendors and/or is targeted toward specific
skills (Sahni et al., 2021; Wijekumar et al., 2014, 2017). As an example, Cambolat and Arndt
(2024) identified positive learning associations of 0.14 standard deviations among students using
Lexia PowerUp, which focuses solely on word recognition for middle and high school students.
Students also appear to benefit more from asynchronous, online instruction when blended with
traditional, face-to-face instruction instead of as a stand-alone intervention (Heppen et al., 2011;
Wiburg et al., 2016).

Beyond delivering course content, one commonly cited but rarely fully realized

opportunity to leverage the strengths of technology involves providing students with a
personalized learning experience (Enyedy, 2014). The most common digital systems, strategies,
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and/or tools used to facilitate personalized learning include adaptive learning or tutoring systems,
computer games, robotics, virtual reality, and learner preference-based personalization (Zheng et
al., 2022). A meta-analysis identified a moderate association between the use of these
technology-facilitated personalized learning tools and student achievement with personalized
diagnosis and guidance associated with the highest rate of achievement (Zheng et al., 2022).
Studies of ISI-Math and ITSS programs with adaptive learning similar to i-Ready have found
positive associations with student test scores (Connor et al., 2018; Wijekumar et al., 2014, 2017).

Prior research on the use of online instructional materials also identified the importance
of dosage (i.e., the frequency, number of times, or total time students interact with the tool)
(Darling-Aduana & Heinrich, 2018, 2019a; Cambolat & Arndt, 2024; Heinrich et al., 2014).
When examining the use of digital tools for out-of-school tutoring across several large metro
districts, researchers identified 40 hours of tutoring per school year as a critical threshold for
observing positive associations (Heinrich et al., 2014). Similarly, a study examining the use of a
computer-assisted literacy program found an hour of use a week (or around 36 hours a year) was
necessary for improved test scores (Cambolat & Arndt, 2024).

Importantly, prior research has established that certain students are more likely to benefit
from (or struggle with) online learning. Students belonging to advantaged groups, including
students with access to technology and internet at home and with higher prior achievement
levels, are more likely to be successful learning online (Heinrich et al., 2019; Munoz-Najar et al.,
2021; Warschauer & Matuchniak, 2010; Wijekumar et al., 2014). Further, most online learning
tools place increased responsibility on students to manage their own learning (Jacob et al., 2016).
Consequently, students with stronger self-regulation skills (including older students) or greater
parental or teacher-provided monitoring and support are more likely to benefit from online
instruction (Darling-Aduana, 2021; Darling-Aduana et al., 2019; Borup et al., 2019; Liao et al.,
2021; Picciano & Seaman, 2007).

Additionally, students interact with and experience online learning tools differently based
on their sociodemographic background and identities. Several prior studies have found higher
rates of engagement with online learning platforms and subsequent achievement among female
(versus male) high school students (Darling-Aduana et al., 2022; Lowes et al., 2016; Mann et al.,
2021). Students receiving FRPM and from historically marginalized racial groups were notably
less likely to achieve expected learning gains when learning online (versus face-to-face) during
the pandemic (Darling-Aduana et al., 2022; Mann et al., 2021). It is, of course, possible, given
the differential effects of the pandemic, that these associations may be due to confounding
factors. In contrast, a recent meta-analysis of 36 studies found that English language learners
experienced moderate gains in literacy (ES = 0.47) when taught in technology-integrated versus
fully face-to-face classrooms (Lee et al., 2022; see also Darling-Aduana & Heinrich, 2018;
Cambolat & Arndt, 2024). Results from students receiving special education services who are
learning via technology show positive, null, and negative associations with learning observed
across three different blended learning environments (Basham et al., 2016; Pace & Mellard,
2016).

Further complicating the matter, the above studies examine a range of online learning
contexts, including fully online courses and technology-integrated, traditional (i.e., blended)
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classroom environments. Research on adaptive learning programs, like i-Ready, is more limited.
One prior study of i-Ready, reviewed by the What Works Clearinghouse, identified positive
associations with achievement (Randel et al., 2020). The study was rated Meets WWC Standards
with Reservations due to the use of a quasi-experimental (versus experimental) research design
(WWC, 2024). i-Ready received a rating of Partially Convincing Evidence on the Academic
Intervention Tools Chart (2025) for the same 2020 study by Randel and colleagues. Similarly,
Evidence for ESSA awarded i-Ready a Moderate rating based on a single quasi-experimental
study that identified positive associations with test scores (Evidence for ESSA, 2025; Holzman
& Duncan, 2022). All of the reports reviewed for these ratings were conducted by or on behalf of
Curriculum Associates, the vendor that sells i-Ready. Common Sense, a non-profit funded by
corporate and foundation sources, also offers generally positive reviews of the tool as a test-prep
solution but cautions that it is not a replacement for classroom teaching and that activities follow
a similar format that can become repetitive (Common Sense, 2025). Educators have also raised
concerns regarding recommendations by the publisher and, in some states, to use i-Ready as
much as 90 minutes a week, particularly if i-Ready is used in place of in-person instructional
experiences (Gates, 2024; McKinnon, 2018).

When reviewing studies using adaptive learning programs similar to i-Ready, we
identified one study that observed positive math test score gains among second-grade students,
appearing consistent across poverty level, gender, and prior math test scores (Connor et al.,
2018), while Wijekumar and colleagues (2014) found that students with high prior achievement
obtained higher gains when using an adaptive, technology-based literacy tool. Perhaps most
importantly, the previous findings on online learning have largely been obtained in the context of
a “normal” academic year in which students and teachers are not faced with extenuating
circumstances that could also influence outcomes. The research on academic recovery is
growing; however, most studies do not focus exclusively on the role of technology in meeting
recovery goals. Instead, scholars have centered recovery research around tutoring and extended
time programs.

Accordingly, this study extends existing research on the efficacy of COVID-19 recovery
interventions to online instructional materials by examining the following research questions: (1)
To what extent was student use of online instructional materials associated with improved
student achievement growth in the post-pandemic era? (2) By how much did student
achievement growth vary by i-Ready usage and whether the teacher or automated system
assigned instructional materials? (3) To what extent did students experience differential rates of
student achievement growth associated with i-Ready usage by prior performance level, grade
level, and sociodemographic variables (i.e., gender and race/ethnicity as well as English learner
(EL), free and reduced-price meals (FRPM) eligibility, identified disability, and disciplinary
status? We detail the setting, sample, data, and analytic strategy employed to answer these
research questions in the following section.

Methods

Setting, Sample, and Data
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We partnered with a school district in a southeastern metro area that uses the i-Ready
Personalized Instruction platform as a COVID-19 recovery strategy. In addition to use during the
school day, students could access the platform anytime, anywhere using a web browser and their
login credentials. Our research partner is a one-to-one district that provides Chromebooks to all
students, with grant funding used to provide internet hotspots to students without internet access.
To support this study, the district partner provided access to student-level administrative and log
data on i-Ready usage and scores, demographics, summative assessment test scores, and school
characteristics.

The i-Ready platform provides interactive lessons and nationally normed adaptive
formative assessments. Additionally, the district conducts fall, winter, and spring Measures of
Academic Progress (MAP) assessments, allowing for the estimation of achievement growth at
the semester level. MAP is a computer-adaptive standardized assessment used by over 16 million
students across over 50 thousand schools (NWEA, 2015). We report MAP test scores as z-
scores, which we calculated by standardizing scale scores by grade and subject, so that the mean
of each test score (by grade and subject) is zero with a standard deviation of one. Standardizing
the variables in this manner allowed us to compare across grades and subjects. Z-scores were
calculated based on the national distribution of pre-pandemic scale scores.

Of the 131 schools in the district, 81 used i-Ready during SY 2021-22 (Year 1). Eighty-
four schools used i-Ready during SY 2022-23 (Year 2). The district prioritized providing low-
performing schools access to i-Ready. In Year 1, schools that were currently or previously
identified as Comprehensive Support and Improvement (CSI) (n = 35) were more likely to use i-
Ready than non-CSI schools (67% versus 57%). CSI schools are an official Every Student
Succeeds Act (ESSA) distinction assigned to schools requiring additional support. Schools are
assigned CSI status if they are in the lowest performing 5% of schools in the state or if a high
school’s four-year graduation rate is under 68% in a given year. “Horizon school” is a district-
assigned status that aligns loosely, but not perfectly, with CSI status. For this analysis, we
included binary variables for both whether a school was ever designated as CSI status and
whether a school was ever designated as Horizon status as signs of priority status for i-Ready
usage. Thirty-three to thirty-five percent of students attending priority schools used i-Ready
compared to 14% of students who did not attend a priority school.

Consistent with the focus on providing priority schools with earlier access to i-Ready, a
significantly higher percentage of i-Ready users received FRPM (67%) than non-i-Ready users
(59%), as shown in Table 1. Additionally, i-Ready users achieved significantly lower fall
standardized test z-scores (-0.63 vs. -0.16 in math and -0.50 vs. -0.11 in reading). i-Ready users
were also significantly more likely to identify as Black and EL and significantly less likely to
identify as White or Hispanic. i-Ready users were also significantly more likely to be in lower or
upper elementary compared to middle and high school.

Table 1

Student Characteristics by i-Ready Usage
Not i-Ready User i-Ready User
Fall MAP Math Z-Score -0.16 -0.63*
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(1.18) (1.11)
Fall MAP Reading Z-Score -0.11 -0.50*
(1.23) (1.12)
Asian 0.07 0.07*
(0.25) (0.25)
Black 0.59 0.70%*
(0.49) (0.46)
White 0.20 0.15%
(0.40) (0.36)
Hispanic 0.11 0.05*
(0.32) (0.21)
Other Race 0.03 0.04*
(0.18) (0.19)
Female 0.49 0.50*
(0.50) (0.50)
FRLM 0.59 0.67*
(0.49) (0.47)
ELL 0.17 0.19*
(0.37) (0.40)
Emotional disability 0.02 0.02*
(0.15) (0.12)
Intellectual disability 0.02 0.01*
(0.14) (0.11)
Physical disability 0.00 0.00%*
(0.04) (0.02)
Any disciplinary incidents  0.00 0.04*
(0.02) (0.20)
Lower elementary 0.31 0.55*
(0.46) (0.50)
Upper elementary 0.16 0.28%*
(0.37) (0.45)
Middle school 0.24 0.17*
(0.43) (0.37)
High school 0.29 0.00%*
(0.45) (0.01)
Observations 94,240 27,717

Note. * Significant differences between groups at the 0.05 level

Overall, we observed almost 28 thousand cases where students enrolled in i-Ready,
which translated into 41 percent of students participating during years when i-Ready was
available at their school and grade level. Much of the disparity in participation occurred in
middle school grades, where we observed lower rates of usage, indicating teachers might have
selectively assigned certain students to use i-Ready instead of universal enrollment. Additionally,
some elementary teachers within schools with access to i-Ready appear to have opted not to use
the platform.
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Despite differential rates of any i-Ready use by school status, students who used i-Ready
completed a comparable number of lessons and had similar mean lesson duration and percentage
of lessons passed, whether they attended a priority school or not. On average, i-Ready users
completed 26 reading and 20 math i-Ready lessons during SY 2021-22. Importantly, 99% of
students who were assigned any i-Ready lesson, passed at least five lessons in each subject,
indicating that after being assigned to i-Ready, the vast majority of students continued to use the
program for the minimum of one instructional week. Each lesson took students, on average, 20
minutes (in reading) to 25 minutes (in math) to complete, with i-Ready users passing
approximately 75% of reading lessons and 81% of math lessons begun. Additionally, 16% of
reading lessons and 19% of math lessons were teacher-assigned versus i-Ready-assigned. The
district provided schools autonomy in how they implemented i-Ready. We were unable to gather
data on implementation practices by school, beyond the previously discussed user data collected
by the i-Ready platform.

Table 2

i-Ready Usage by School Type During SY 2021-22
Ever CSI Horizon School Neither All

Any i-Ready Use 0.33* 0.35* 0.10 0.14
(0.47) (0.48) (0.29)  (0.35)
Number of Reading Lessons 26.46* 22.88%* 25.81  25.83
(24.50)  (20.42) (23.03) (23.60)
Mean Reading Lesson Duration 18.41%* 17.76* 2146  19.51
(10.89)  (10.90) (14.29) (13.04)
Reading Lesson Passed (%) 0.74 0.74 0.74 0.75
(0.22) (0.22) (30.29) (0.22)
Reading Lessons Assigned by Teacher (%) 0.16 0.18%* 0.13 0.16
(0.26) (0.29) (0.26)  (0.27)
Number of Math Lessons 16.61* 16.93* 20.09 19.56
(15.83)  (17.25) (20.25) (19.92)
Mean Math Lesson Duration 23.27* 23.60* 2637 2448
(10.44)  (10.37) (14.14) (12.13)
Math Lesson Passed (%) 0.80* 0.79%* 0.83*  0.81
(0.22) (0.22) (0.20)  (0.21)
Math Lessons Assigned by Teacher (%) 0.18 0.20* 0.15 0.19
(0.28) (0.29) (0.27)  (0.29)
Observations 15,359 15,393 13,123 27,717

Note. * Significant differences between ever CSI or Horizon status and the rest of the sample at the 0.05 level

Analysis

We used OLS regression, school fixed effects, and inverse probability-weighted
regression adjustment (IPWRA) models to examine the relationship between any i-Ready usage
and achievement test score growth. We also estimated models that added an indicator for
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whether any lessons were teacher-assigned, which are manually assigned to students by their
teachers, versus automatically assigned lessons based on the adaptive learning platform. We then
used dose-response functions to examine differential associations with achievement growth by
number of i-Ready lessons. Lastly, we conducted an analysis of heterogeneous associations by
running each model limiting the sample to subgroups of interest.

OLS Regression (with Grade and Year Fixed Effects)

To estimate the extent to which student use of online instructional materials was
associated with improved student achievement growth in the post-pandemic era, we estimated an
OLS regression model comparing student outcomes accounting for i-Ready access using data
from SY 2021-22 and SY 2022-23 (eq. 1). Data were limited to kindergarten through ninth
grade, since no i-Ready use was observed in tenth through twelfth grades.

scorejg; = By 4BiiReady;; + Bydays;; + Bzscorej_1 + XitB + 64 + 0p + &1g¢ (1)

We estimated separate models for math and reading scores. All models control for the number of
days between the beginning and end-of-semester test, lagged test scores from tests administered
at the beginning of the school year, a vector of individual-level student characteristics (X;;),
grade fixed effects (6,), and year fixed effects (o,). Student characteristics include student
race/ethnicity and gender as well as FRPM, EL, and identified disability status (separated into
emotional, intellectual, or physical disability). We also accounted for whether the student
received any disciplinary referrals. All models used robust standard errors clustered at the school
level.

Next, given the district policy that provided earlier i-Ready access to some schools over
others, we estimated the same model shown in eq. 1 adding school fixed effects (4s), as shown in
eq. 2.

scoreisgr = By 4BjiReady;, + Bydays;, + Bsscoren_q + Xy B + As + 05 + 0 + €i54¢ (2)

We estimated eq. 2 twice, once with all cases and once limiting data to cases on common support
from the propensity score analysis. Removing cases off common support has the benefit of
preventing outliers without viable comparison cases from skewing estimates but reduces sample
size and limits generalizability. More information on the proportion of cases removed due to this
specification is provided when discussing IPWRA modeling below.

IPWRA Analysis

When implementing the OLS regression model, concerns remain related to treatment and
comparison group imbalance, which can introduce bias into estimates. To minimize this concern,
we also employed IPWRA to control for the extent to which there were systematic differences in
whether a student used i-Ready based on both pre-treatment and fixed characteristics. The
principal benefit of IPWRA includes balancing the treatment and comparison groups on a vector
of relevant observable variables, which often results in dropping cases off common support that
are so extreme that there are no comparable cases.
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To implement this approach, we first estimated the likelihood of receiving treatment (i.e.,
using i-Ready or having a teacher-assigned lesson) using logistic regression conditioned on the
vector of baseline school-level covariates (X;;) included in eq. 1 (see also Table 3) related to the
prior achievement, socio-demographic characteristics, grade, year, and school CSI/Horizon
status (see eq. 3; Rosenbaum & Rubin, 1983).

Prz =X res caom ®)
Table 3
Predicting Treatment Variables From Matching Covariates
Treatment Variables

Any Mathi- Any Reading Ever Teacher- Ever Teacher-

Ready i-Ready assigned (Math) assigned (Reading)
Fall Same-Subject
MAP -0.05%** -0.04%** 0.05%** 0.01
Inst. Days between
Tests 0.01%** 0.01%** 0.02%** 0.02%*x*
Race/Ethnicity (Other
Baseline)

- Black 0.12%%* 0.20%** 0.42%%* 0.42%**

- White -0.61%** -0.59%** -0.87%** -0.96%**

- Hispanic -0.66%** -0.48%** -0.65%** -0.41%*
Female 0.04%*** 0.07%*** 0.07%*** 0.07%***
Homeless -(0.38#%* -0.39%#%* -0.20* -0.25%*
FRLM 0.13%** 0.15%** 0.05%* 0.06**
Disability -0.16%** -0.14%** -0.25%** -0.26%**

EL 0.40%** 0.50%** (0.32%%* -0.03
Grade (K Baseline)
-1 0.11%** 0.10%** 0.59%** 0.73%**
- 2 0.21%%* 0.24%** 1.02%%* 1.19%**
-3 0.27%** 0.36%** [.35%%* 1.42%**
- 4 0.21%%* 0.31%%* 1.59%** 1.36%**
-5 0.13 0.24%** 1.43%%* 1.36%**
- 6 -0.42%** -0.32%** -0.55%** 0.01
- 7 -0.88%** -0.71%** -0.07 -0.19%**
- 8 -1.01%** -0.85%** 0.19%** (0.33%%*
-9 -8.65%** -8.61%** N/A N/A
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Baseline)

- 2022-23 0.217%** 0.36%** 0.06** 0.317%**
Horizon school 1.08%** 1.19%%* 0.88%** 1.00%**
Ever CSI 1.22%*%* 1.12%** (0.58%** (0.52%**
Number of cases 105,970 96,280 95,809 86,612

Propensity scores were calculated using matching with a 0.01 caliper, no replacement,

and limited to cases on common support. This method resulted in an 81-82% reduction in bias
when estimating any i-Ready use and a 77-79% reduction in bias when estimating any teacher-
assigned i-Ready lessons (see Table 4, Figure 1). Approximately 5% of the analytic sample was

dropped when estimating any i-Ready use due to being outside the range of common support.

The sample was more balanced when estimating whether a student had any teacher-assigned i-
Ready lessons, which resulted in dropping less than 0.01% of cases.

Table 4
Propensity Score Matching Reduction in the Bias
Off LR Mean % Variance
Support chi2 Bias Bias  Ratio
Any Math i-Ready Unmatched - 12045.74 27.6 86.3 1.96
Matched 5,221 512.13 5.2 23.5 1.38
Any Read i-Ready Unmatched -—- 10614.72  27.0 84.0 2.04
Matched 5,263 418.83 4.9 21.9 1.48
Ever Teacher- Unmatched --- 7040.38 23.4 92.9 0.78
assigned (Math) Matched 72 176.26 3.5 18.8 1.08
Ever Teacher- Unmatched --- 5761.78 23.6 87.1 0.93
assigned (Read) Matched 2 186.94 3.2 20.3 1.01
Figure 1

Kernel density Plots of Propensity Distribution Before and After Matching
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Teacher Assigned (TA) iReady Math Teacher Assigned (TA) iReady Read

0 2 4 6 8 0 2 4 6 8
Any TA Math Propensity Any TA Read Propensity

The likelihood ratio chi-squared test results show a substantial decrease in differences
between groups on matching variables. The mean bias column reports the difference in means
between the treatment and comparison group after accounting for the overall spread of each
group. For each treatment variable, the mean bias between groups decreased dramatically. The
matched samples had mean bias ranging from 4.7 to 9.7 compared to 16.8 to 27.6 for the
unmatched sample. The estimated percent bias remaining in the sample similarly decreased
between the unmatched and matched samples. The matched models estimating any i-Ready use
(in math and reading) as well as whether the teacher ever assigned a lesson in reading fell below
the 25.0 rule of thumb, while the matched model estimating whether the teacher ever assigned a
lesson in math was approaching that threshold at 36.5% bias. For well-balanced groups, it is also
desirable to have a variance ratio between 0.5 and 2, with a ratio of 1 being ideal to meet the
assumptions required for OLS to be the best linear unbiased estimator (Rubin, 2001). The
importance of a balanced variance ratio has also been demonstrated using simulated data where
the true value was known (Rubin, 2001). The matched models estimating any i-Ready (in math
and reading) as well as whether the teacher ever assigned a lesson in math fell within this range.
The matched model estimating whether a teacher ever assigned an i-Ready lesson in reading
showed a small improvement in the variance ratio but remained below the 0.5 threshold. Lastly,
we identified substantial overlap in propensity scores between treatment and control groups
visually, with the weighted propensity score distributions contributing to additional
improvements in the distribution of propensity scores between groups, which is required to
minimize bias (Murnane & Willett, 2011).

After estimating the likelihood of receiving each treatment, we used the resulting
propensity score to fit a weighted regression model with covariate adjustment. This model was
identical to the OLS regression equation presented in equation one apart from the inclusion of
the weights generated from the matching process described above. More specifically, when
assigning weights, treatment participants received a weight of 1/(p”), while control participants
received a weight of 1/(1-p”) (Imbens & Wooldridge, 2009; Murnane & Willett, 2011). The
advantage of this doubly robust method is that the estimates will be unbiased if either the
propensity score or regression adjusted models are correctly specified.

To examine our second research question, we estimated separate OLS and IPWRA (egs.
1-3) that accounted for whether any teacher assigned i-Ready lesson as the treatment in addition
to any i-Ready use. If a lesson was not teacher assigned, then the lesson was assigned by the
automated i-Ready system.
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Dose-response Function

For the second research question, we also estimated dose-response functions to estimate
the effect of different doses (or amount of exposure) to i-Ready; this approach is appropriate for
use when assignment to treatment is non-random and accommodates continuous treatment
measures (Cerulli, 2012). For these functions, we consider the number of i-Ready lessons
assigned as the continuous treatment variable. We estimate two functions, one where the dose is
zero (eq. 4) and one where the dose is not zero and continuous (eq. 5).

w =0 — yo = By + Bidays,, + B,scorey,_1 + Xy B + €; 4)
w =1-y, = By + Bidays,, + Byscore;,_1 + X;:B + h(t) + & (5)

Equation 5 adds to equation 4 the term /(?), which is a response function that accounts for the
dose (i.e., how many i-Ready lessons the student was assigned). We subsequently estimate and
graph the resulting non-linear response curves. Given that the modal number of lessons assigned
were 20-25 (depending on the subject) with standard deviations of 20—24, we chose to graph
only up to 100 lessons to prevent attempts to interpret estimates where there was insufficient data
to support robust findings. This choice resulted in dropping no more than 1% of the sample.

As a sensitivity check we generated graphs including these outliers; maximum average
treatment effects and trends were comparable whether dropping or including outliers. As with
previous analyses, results are associational in nature. We also examined correlations between the
number of assigned i-Ready lessons and fall MAP test scores to determine whether students
might be systematically assigned more or fewer i-Ready lessons based on their prior
achievement level, which could bias the resulting estimates. Among students assigned any i-
Ready lessons, we observed no significant correlation between the number of math lessons
assigned and students’ fall MAP math score (r = 0.01, p = 0.27). We observed a significant,
negative correlation in reading (r = -0.05, p < 0.01). This translates into being assigned one fewer
i-Ready reading lesson for each standard deviation increase in MAP reading test scores.
Although significant, this is a low magnitude relationship given that on average, i-Ready users
were assigned 20 reading lessons. For this reason, we are less concerned that systematic
assignment of i-Ready lessons by prior achievement level might be biasing the resulting
estimates.

Heterogeneity Analysis

Lastly, we examined potential heterogeneous treatment effects by estimating eqs. 1-3
limited to each student subgroup of interest (i.e., gender and race/ethnicity as well as EL, FRPM,
identified disability, and disciplinary status). We also examined separately students who did not
meet state standards on the prior year state level and grade level (lower elementary, upper
elementary, middle, and high school). Additionally, we estimated the dose-response function
analysis for students with various prior levels of achievement and by FRPM status.

Limitations
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Before proceeding to our findings, we reiterate the limitations of our empirical strategy.
Findings are based on data from one metro-area district, which has its own unique contextual and
demographic factors that may not generalize to all settings. Our analyses are descriptive versus
causal as we cannot fully account for endogenous variation. Relatedly, we were unable to fully
understand or account for selection into treatment. Among the approximately 67,000 instances
where peers in a students’ school-grade-year were assigned to use i-Ready, only around 28,000
students were assigned lessons. Given low universality, we estimated models that examined
whether the students’ school-grade-year had access to i-Ready interacted with whether that
student used i-Ready. Estimates for any use of i-Ready remained comparable in directionality,
magnitude, and significance, minimizing our concern that not being able to fully account for
selection into treatment within school-grade-year bands might be biasing our results.

Importantly, we were unable to collect data on or account for other recovery interventions
occurring during the same period that might have been targeting similar schools. And, lastly, we
conducted an intent-to-treat (ITT) analysis that examined all students assigned to complete any i-
Ready lesson (versus those that actually completed an i-Ready lesson). ITT is an inherently
conservative approach and thus may underestimate the true benefit for students who are
adequately supported and motivated to fully engage. However, we felt conducting this analysis
was appropriate to inform district decision-making. We attempt to provide insight into the
possible maximum benefit for students who engage fully with the i-Ready platform by
estimating dose-response functions with average treatment effects across the number of i-Ready
lessons assigned.

Results

Across all model specifications, we identified a positive association between i-Ready
usage and students’ math and reading standardized test scores, as shown in Table 5. Estimates
from the OLS models with school fixed effects and the IPWRA model were significant and
ranged from 0.03 to 0.04 standard deviations higher test scores in reading and 0.04 to 0.05
standard deviations higher test scores in math among students who used i-Ready. Such increases
translate into roughly two additional weeks of instructional growth in math and nearly three
additional weeks in reading for the median student in our sample (i.e., a Sth grader). Given that
the district prioritized providing low-income schools access to i-Ready first, differences in
estimates between models that do and do not include school fixed effects may indicate base
models were not fully able to parse out potentially deflating confounding influences.
Additionally, teacher-assignment of any i-Ready math lessons was associated with 0.02 to 0.04
standard deviations higher test scores, than students who used i-Ready with only computer-
assigned lessons. Estimates were larger in magnitude and significant when including school
fixed effects and using an IPWRA approach.

Table 5

Associations Between Any i-Ready Usage, Teacher-Assigned Lessons, and MAP Z-Scores

School FE
OLS School FE w/ C.S. IPWRA
Any i-Ready Usage (Math) 0.02 0.04%* 0.04%* 0.05%*
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(0.01) (0.02) (0.02) (0.02)
Observations 103711 103711 98551 98551
Adjusted R-squared 0.827 0.829 0.830 0.839
Any i-Ready Usage (Reading) 0.02 0.03%** 0.04%** 0.04%**
(0.01) (0.01) (0.01) (0.02)
Observations 94534 94534 89334 89334
Adjusted R-squared 0.783 0.786 0.789 0.806
Any Teacher Assigned (Math) 0.03#* 0.05%** 0.05%** 0.04***
(0.01) (0.01) (0.01) (0.01)
Observations 103711 103711 94393 94393
Adjusted R-squared 0.827 0.830 0.829 0.810
Any Teacher Assigned (Reading) 0.03* 0.04%* 0.04*** 0.04**
(0.02) (0.01) (0.02) (0.02)
Observations 94534 94534 85533 85533
Adjusted R-squared 0.784 0.784 0.788 0.771
Student Covariates Yes Yes Yes Yes
Grade Fixed Effect Yes Yes Yes Yes
Year Fixed Effect Yes Yes Yes Yes
School Fixed Effect No Yes Yes Yes

Note. * p<0.10, * p < 0.05, * p < 0.01

To place these associations in context, we examined i-Ready costs and counterfactuals.
Publicly available data suggests that districts pay about $30 per student annually for a user
license. At this rate, we estimate that the district paid roughly $831,510 (around $415,000 a year)
to serve the sample of students in our study, roughly equivalent to the salary cost of five
additional teachers annually. The same district partner also implemented teacher-led “extended
learning time” and tutoring models as part of their COVID-19 recovery strategy. These
interventions did not yield significant achievement growth for students overall with the exception
of struggling middle school students who experienced modest growth when dedicating at least 3
hours per week to academic recovery (Sass, 2024). Thus, in this district’s case and despite the
cost, i-Ready was able to successfully support accelerated student achievement growth beyond
that observed when studying other recovery interventions.

Next, we estimated dose response functions to examine variations in average treatment
effects conditional on the number of lessons assigned, as shown in Figure 2. In math, average
treatment effects hit a ceiling of around 0.18 standard deviations, or roughly eight weeks of
instructional growth, among students who were assigned 60 or more lessons. By contrast, we
identified no ceiling in reading, with average treatment effects continuing to increase in
magnitude up to at least 100 assigned lessons. Notably, average treatment effects are never
negative in reading, with low magnitude negative associations in math switching to positive once
students were assigned at least 10 lessons.

Figure 2

Dose-Response Function for MAP Z-Scores by Number of Lessons Assigned
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Number of Math Lessons Assigned Number of Reading Lessons Assigned

Average Treatment Effect
Average Treatment Effect

Number of Lessons Number of Lessons

Lastly, we examined the extent to which there might be differential effects of i-Ready
usage, teacher lesson assignment, and the number of i-Ready lessons assigned by subgroup. We
report estimates only for the IPWRA model as it is the most rigorous model we can estimate on
our full sample. When examining any i-Ready use by subgroup, as shown in Table 6, we
continue to identify a significant, positive association with achievement growth comparable to
the associations observed across the entire sample for students identified as Black, male,
receiving FRPM, and/or with identified intellectual disabilities. Black, male, and students
receiving FRPM experienced 2.2 additional weeks of instructional growth in math, and students
with intellectual disabilities saw nearly 8 weeks of instructional growth in math using i-Ready.
We see similar gains in reading. Black and male students experienced 3.5 weeks of instructional
growth; students receiving FRPM yielded 2.8 weeks of instructional growth, and those identified
with intellectual disabilities experienced 14 weeks of instructional growth. Additionally, we
identified significant, positive associations among female students as well as students in lower
elementary grades and/or with prior achievement in the middle third of district test scores in
math but not reading. Across all groups and subject specifications, we failed to identify any
statistically significant negative associations.

Table 6

Associations Between Any i-Ready Usage and MAP Z-Scores by Subgroup

Math Reading
N IPWRA N IPWRA
Lowest 3rd prior achievement 39567 0.04 33621 0.03*
(0.03) (0.02)
Middle 3rd prior achievement 33146 0.06%** 30440 0.02
(0.02) (0.02)
Highest 3rd prior achievement 30998 0.01 30473 0.03*
(0.01) (0.02)
Asian 7254 0.03 6554 -0.00
(0.03) (0.04)
Black 56366 0.05%* 53423 0.05%**
(0.03) (0.02)
White 11779 0.04 10682 0.05
(0.04) (0.05)
Hispanic 24724 0.05 20586 0.03
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(0.03) (0.02)
Other race 4504 -0.02 4071 0.00
(0.04) (0.05)
Female 50553 0.03** 46311 0.02
(0.02) (0.01)
Male 53158 0.05%* 48223 0.05%*
(0.03) (0.02)
FRPM 60166 0.05** 54623 0.04***
(0.02) (0.01)
ELL 23267 0.04 19506 0.02
(0.04) (0.02)
Emotional disability 1702 0.14 1549 0.09
(0.09) (0.10)
Intellectual disability 1009  0.18** 919 0.20%**
(0.09) (0.07)
Physical disability 110 1.22 103 0.59
(0.83) (0.39)
Any disciplinary incident 5768  0.00 5215 -0.05
(0.05) (0.06)
Lower elementary 43050 0.05%* 39316 0.02
(0.02) (0.02)
Upper elementary 21663 0.03 19440 0.05*
(0.02) (0.03)
Middle school 29747 0.02 26779 0.03
(0.03) (0.02)

477

When examining students with any teacher assigned i-Ready lessons by subgroup, we

identified significant, positive associations of having any teacher-assigned lessons among
students from the lowest-third prior achievement level (in math and reading) and from the
middle-third prior achievement level (in math only), as shown in Table 7. Interestingly, we did
not identify significant, positive associations among students in the upper-third prior
achievement level in either subject when the teacher assigned lessons. Additionally, having any
teacher versus solely i-Ready-assigned lessons was associated with significantly higher student
achievement growth in both subjects among students identified as male, with disciplinary
incidents, and/or in a lower elementary grade across both subjects. Only in math, we also
identified positive associations of having any teacher-assigned lessons among students identified
as Black, female, receiving FRPM, and/or and in middle school. Only in reading, we also
identified positive associations of having any teacher-assigned lessons among students identified
as White and upper elementary school.

Table 7

Associations Between Any Teacher Assigned Lessons and MAP Z-Scores by Subgroup

Math

Reading

N IPWRA

N

IPWRA
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Lowest 3rd achievement 10255 0.08** 9433 0.11%*
(0.03) (0.04)
Middle 3rd achievement 7894 0.08%** 7555 0.02
(0.02) (0.03)
Highest 3rd achievement 5712 0.01 5808 0.03
(0.04) (0.04)
Asian 1770 0.10 1535 -0.02
(0.08) (0.05)
Black 16381 0.08*** 15958 0.07*
(0.02) (0.03)
White 1160 0.19 974 0.21%**
(0.12) (0.09)
Hispanic 3798 -0.01 3616 0.01
(0.06) (0.08)
Other race 899 -0.04 841 0.15
(0.06) (0.09)
Female 11801 0.08*** 11397 0.01
(0.02) (0.04)
Male 12060 0.06%** 11399 0.11%%*
(0.02) (0.03)
FRPM 15828 0.06%** 15355 0.05*
(0.02) (0.03)
ELL 4913 0.07 4655 0.03
(0.04) (0.06)
Emotional disability 358 0.10 334 0.20
(0.17) (0.16)
Intellectual disability 278 -0.15 N/A N/A
(0.25)
Any disciplinary incidents 883 0.12%* 899 0.20%**
(0.06) (0.09)
Lower elementary 13452 0.11%* 12854 0.10%**
(0.04) (0.04)
Upper elementary 7012 0.04 3407 0.10%*
(0.02) (0.04)
Middle school 3396 0.04%** 6535 0.03
(0.01) (0.04)

Note. Insufficient data to calculate for students identified as having a physical disability for either subject.
Insufficient data to calculate for students identified as having a intellectual disability for reading.

Additionally, we examined associations between the number of assigned i-Ready lessons
and student achievement growth by prior achievement level (in Figure 3) and FRPM status (in
Figure 4). Dose-response functions were relatively similar across prior achievement levels in
math with maximum treatment effects observed around 50 lessons assigned. However, students
in the upper third of prior math achievement experienced the steepest drop in average treatment
effects beyond that point, followed by students in the lowest third of prior achievement. Students
in the middle third of prior math achievement were least likely to experience negative
associations with use across the number of assigned lessons spectrum, the highest maximum
treatment effect, and the smallest decline in average treatment effects from that point. In contrast,
we observed the opposite pattern in reading with only students in the middle third of reading
prior achievement experiencing a ceiling effect (at around 70 assigned lessons). Students in the
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lower and upper third of reading prior achievement experienced the largest maximum treatment
effects at high intensity use of around 0.2.

Figure 3
Dose-Response Function for MAP Z-Scores by Prior Achievement
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When examining dose-response functions for number of lessons assigned by FRPM
status, we identified a ceiling effect (in math) and lower average treatment effects (in reading)
among students receiving FRPM. More specifically, the trend between increasing student
achievement growth as more i-Ready math lessons were assigned started reversing at around 60
lessons for students receiving FRPM. In reading, the average treatment effect at 100 assigned

lessons was only around 75% of the average treatment effect achieved by students not receiving
FRPM at that level of use.

Figure 4

Online Learning Journal — Volume 30 Issue 2 — June 2026



480

Dose-Response Function for MAP Z-Scores by FRPM Status
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Discussion

This study provides an impact analysis of i-Ready usage and associations with student
achievement growth across different student subgroups and i-Ready content areas. As a widely
used virtual learning tool with features similar to other learning platforms on the market, better
understanding of platform strengths and limitations can support school district decision-making.
Online learning platforms such as i-Ready have the potential to be useful tools to enhance
student achievement recovery because they can offer personalized learning that supplements
traditional face-to-face instruction. However, empirical research offers mixed findings on their
effectiveness, noting various conditions in which they are effective. We discuss the answers to
our research questions in turn and provide recommendations for education leaders below.

First, we find that student use of online instructional materials is associated with a 0.04 to
0.05 standard deviation increase in student achievement growth (in our preferred IPWRA
models). This translated into roughly two to three additional weeks of instructional growth. The
growth observed is particularly important given that i-Ready users in our sample have lower fall
standardized test scores in math and reading and are more likely to attend a priority school. The
finding conflicts with previous research suggesting negative outcomes for students with lower
prior achievement levels (Ahn & McEachin, 2017; Besecker et al., 2020; Fitzpatrick et al., 2020;
Gonzales et al., 2020; Heinrich et al., 2019; Woodworth et al., 2015), but aligns with research
finding that students perform better on achievement assessments when using adaptive online
learning platforms as a supplement (versus replacement) to traditional, face-to-face instruction
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(Heppen et al., 2011; Wiburg et al., 2016; Connor et al., 2018). Additionally, we observe larger
positive associations among students whose teachers assigned at least one i-Ready lesson in
addition to solely using platform-assigned lessons. Students across demographic groups, ability
level, and grade level appear to benefit from teacher-assigned online assignments, indicating that
teacher input is critical to the effectiveness of online learning platforms.

We find that students experience differential rates of achievement using the i-Ready
platform, largely by sociodemographic versus prior achievement or grade-level characteristics.
Students who identify as Black, male, FRLM-eligible, or with intellectual disabilities experience
more significant improvements using the online learning platform than their peers, gaining up to
14 additional weeks of instructional growth. While these findings do not align with previous
research that more advantaged groups are more likely to benefit from online learning, they seem
to suggest that i-Ready can assist populations of greater need and of fewer resources. One
potential reason why we did not find inequitable outcomes may be the district’s investment in
one-to-one devices and hotspots for students to mitigate disparities in access. i-Ready users in
our sample are more likely to identify as Black, an English Learner, and FRPM-eligible in an
elementary grade, so the findings may also reflect the unique demographics of study context.
Nevertheless, the gains of students from historically marginalized groups while using i-Ready
offers insight into its usefulness in addressing both pandemic-related achievement recovery and
historical demographic-related achievement gaps.

Surprisingly, we find only minimal differential achievement related to i-Ready usage
based on prior achievement or grade level. Previous research contends that older students with
stronger self-regulation skills and those with higher prior achievement levels are more likely to
benefit from online learning platforms such as i-Ready (Darling-Aduana et al., 2022; Heinrich et
al. 2019; Munoz-Najar et al., 2021; Warschauer & Matuchniak, 2010; Wijekumar et al. 2014),
but our study suggests that students of various grade levels can equally benefit from online
learning platforms. In fact, our study demonstrates i-Ready’s particular usefulness in supporting
students in elementary grade levels, as it was largely used in second- through fifth-grade
classrooms, and we observe the largest gains (nearly 8 weeks) in math for students in lower
elementary grades. The only significant variation observed by prior achievement level is slightly
stronger achievement gains in math among students in the middle third prior achievement group.

Finally, the study reveals the achievement limits of adaptive online platforms. Students
experience diminishing returns in math after completing around 50 or more lessons (between the
fall and winter MAP testing window), apart from students who perform amongst the middle third
of the district’s math test score distribution. Conversely, students continue to experience gains in
reading beyond this point and up to at least 100 assigned lessons, but here students in the middle
third of the district’s reading test score distribution begin to experience diminishing returns after
completing roughly 70 lessons. Similar trends emerge when we observe the dosage effects for
FRPM-recipients. Overall, the findings are consistent with previous research on dosage-response
functions when using online instructional tools that suggest 40 to 100 hours of usage are key
thresholds for positive learning outcomes for students (Heinrich et al., 2014; Darling-Aduana &
Heinrich, 2018). However, findings also reveal that expanding beyond the thresholds may not be
a wise investment of instructional time or student effort.
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The global pandemic forced a rapid shift in learning delivery and expanded the role of
virtual learning in students’ educational experiences. Online learning platforms such as i-Ready
have become a part of schools’ and teachers’ instructional toolkit to serve students across Grades
K-8 and ability levels. Our findings suggest that online learning platforms are valuable tools that
school districts should maintain or adopt to aid in COVID-19 achievement recovery. Schools and
districts that serve large historically marginalized populations could especially benefit from the
investment, as our findings show that the platforms bode well for these students, so long as
device and home internet access are ensured.

However, we caution districts against using online platforms as an “auto-pilot”
replacement for classroom instruction. Adaptive, personalizing learning is a key feature of the i-
Ready system and likely contributes to the achievement gains we observed but extending the
adaptive learning beyond threshold points may not benefit students. What’s more, students with
the lowest and strongest math ability and median reading ability may begin to lose the academic
benefits of the platform before their peers, so it’s important that schools and districts support
teachers in using the online platforms as complementary tools to in-person instruction in which
teachers’ discretion is used to assign online lessons. Our findings also show that students
perform better when teachers monitor frequency of use and assign lessons strategically.
Supporting teachers through additional training on how to best assign lessons and the strengths
and weaknesses of the platforms could also aid in achievement recovery for students.

Scholars and practitioners alike have been critical of the progress and pace of academic
recovery of students post-COVID-19, with some optimistic that students are beginning to meet
and exceed their pre-pandemic learning levels. Others are more skeptical, arguing that students
will need much more time and support to meet such outcomes. Online adaptive learning
platforms such as i-Ready appear well-equipped to support recovery goals, with several logistical
advantages over other recovery interventions, which tend to have higher costs and struggle with
low uptake and participant stigma.
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