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Abstract 

Online credit recovery will likely expand in the coming years as school districts try to address 

increased course failure rates brought on by the coronavirus pandemic. Some researchers and 

policymakers, however, raise concerns over how much students learn in online courses, and there 

is limited evidence about the effectiveness of online credit recovery. This article presents 

findings from a multisite randomized study, conducted prior to the pandemic, to expand the 

field’s understanding of online credit recovery’s effectiveness. Within 24 high schools from a 

large urban district, the study randomly assigned 1,683 students who failed Algebra 1 or ninth 

grade English to a summer credit recovery class that either used an online curriculum with in-

class teacher support or the school’s business-as-usual teacher-directed class. The results suggest 

that online credit recovery had relatively insignificant effects on student course experiences and 

content knowledge, but significantly lower credit recovery rates for English. There was limited 

heterogeneity in effects across students and schools. Non-response on the study-administered 

student survey and test limits our confidence in the student experience and content knowledge 

results, but the findings are robust to different approaches to handling the missing data (multiple 

imputation or listwise deletion). We discuss how the findings add to the evidence base about 

online credit recovery and the implications for future research. 
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Introduction 

Even before the coronavirus pandemic pushed online learning to the forefront of education, 

schools were increasingly turning to online courses as a way to expand course offerings and 

credit recovery options. Use of online credit recovery grew out of the hope that expanding credit 

recovery options through online courses will provide students with a more personalized 

instructional experience and help them get back on track toward graduation (e.g., Atkins et al., 

2007; Gemin et al., 2015). With these promises in mind, states and districts invested significant 

resources into building the infrastructure to offer online credit recovery. As the Los Angeles 

Times editorial board observed in a 2016 editorial, “[Online credit recovery] courses, which have 

helped boost graduation rates locally and across the country, have grown quickly from a barely 

known concept a decade ago to one of the biggest and most controversial new trends in 

education” (Los Angeles Times Editorial Board, 2016). Concerns materialized over how much 

students learn in online courses and potential abuses to raise graduation rates, but the research 

remains inadequate (Ferdig, 2010; Loewenberg, 2020; Malkus, 2019; Schaeffer & Konetes, 

2010; U.S. Department of Education, 2015). The increase in failed courses or missed course 

offerings during the pandemic will likely amplify the expansion of online credit recovery and the 

public discourse about its merits, along with the critical need for rigorous evidence about the 

effective use of online credit recovery for high school students.  

Online courses are delivered in varying formats, further complicating how a limited 

research base can inform practice. Some courses are fully online and completely self-paced; 

others are hybrid or blended models that combine online learning with face-to-face teacher 

support for students (Staker & Horn, 2012; Watson & Ryan, 2006). During the 2014–15 school 

year, 63% of U.S. high schools provided online credit recovery courses and 41% of high schools 
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provided a blended model for credit recovery (U.S. Department of Education, 2018). The 

promise of online courses for credit recovery lies in features afforded by the technology that, 

when utilized, can result in courses designed to meet the specific needs of students who are 

falling behind academically and can provide districts with a more flexible way to expand course 

availability.  

Although many espouse the promise of online courses for credit recovery, and although 

online credit recovery is used throughout the country (Gemin et al., 2015; Queen & Lewis, 

2011), rigorous evidence about its effectiveness is limited (Viano, 2018). Findings from the few 

studies that focused on the effects of online credit recovery are mixed. One correlational study of 

online credit recovery in Florida found that students in the online courses were more likely to 

earn a C or better than students in the face-to-face courses (Hughes et al., 2015). Another study 

of North Carolina high school students who failed a course found that students who enrolled in 

online credit recovery were more likely to graduate but had lower test scores than students who 

repeated the face-to-face version of the course (Viano & Henry, 2020). Based on a study 

conducted in a large urban midwestern district, Heinrich et al. (2019) concluded that “online 

course-taking is not benefiting students or reflecting real learning, and some students may even 

be set back in their learning” (p. 2174). Follow-up research in that same district did find that 

online course-taking was positively associated with high school graduation (Heinrich & Darling-

Aduana, 2021) but negatively associated with longer term labor market earnings (Heinrich & 

Cheng, 2022). 

The only randomized controlled trial of online credit recovery to date found that students 

who took an online summer credit recovery Algebra 1 course in Chicago were less likely to earn 

credit and learned less than students who took a face-to-face Algebra 1 course (Heppen et al., 
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2017). However, exploratory results from the study suggested that students in the online class 

who received instructional support from an in-class teacher had better academic outcomes than 

online students who did not receive instructional support (Taylor et al., 2016). In addition, that 

same study found no statistically significant differences in longer term outcomes, including high 

school graduation, between students in the online and face-to-face courses (Rickles et al., 2018).  

The current study builds on the Chicago study to expand the field’s understanding of 

online credit recovery’s effectiveness in three ways: (1) The study focuses on two courses— 

Algebra 1 and ninth grade English (English 9)—instead of one. (2) The study took place in a 

different school district and with a different online content provider. (3) In-class teacher support 

was a more explicit component of the instructional model for the online class. The study took 

place during the district’s 2018 and 2019 summer terms.1  

This article presents findings on how the online credit recovery classes affected students’ 

in-class experiences and proximal outcomes relative to the business-as-usual (BAU) teacher-

directed classes.2  In particular, we address three main research questions: 

1.  How did students’ experiences in the online classes compare to those in the teacher-

directed classes? 

2.  How did student credit recovery rates in the online classes compare to those in the 

teacher-directed classes? 

3.  How did students’ course-specific and general subject content knowledge in the 

online classes compare to those in the teacher-directed classes? 

 
1 In addition to the summer sessions, the study included a smaller sample of credit recovery classes during the 2018– 
19 school year. This article only reports on the analysis of the summer terms. 
2 Our analysis was preregistered in the Registry of Efficacy and Effectiveness Studies after the study started but 
prior to the analysis of outcomes (Registry ID #1917.1v2). The study’s research activities were approved by the 
American Institutes for Research Institutional Review Board (#86436). 
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In addition to reporting on the primary analysis that focused on the overall average 

effects of online credit recovery, we summarize results from a series of exploratory analyses that 

examined treatment effect heterogeneity. 

Online Credit Recovery Model and Theory of Action 

The intervention for this study was an Algebra 1 or English 9 (first or second semester) online 

curriculum for the credit recovery course,3  where an online provider supplied the main course 

content, and the school provided a subject-appropriate, credentialed in-class teacher who could 

supplement the digital content with additional instruction. Edgenuity was the online provider for 

all of the online classes in the study. Figure 1 lays out dimensions on which online classes may 

vary, highlighting the characteristics of the online learning model we sought to test in this study. 

The dimensions and figures were adapted from Vanourek (2006) and Watson et al. (2013).  

 
3 The study targeted two ninth grade courses with high failure rates in the school district. In the school district, 
students typically take a year-long first year Algebra course (Algebra 1) in ninth grade and two semester-long 
English courses. English 9A is typically taken in the fall and English 9B is typically taken in the spring. We 
included English 9A and 9B classes in the study, and in this paper report on them together as English 9.  
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Figure 1 

Dimensions of the Online Learning Model  

Location School Home Other 

Teacher 
Presence No Teacher Asynchronous 

Online Teacher 
Synchronous 

Online Teacher 
In-Person 
Teacher 

Teacher 
Availability Never Available Sometimes Available Daily 

Type of 
Instruction Fully Teacher-Directed Combination Teacher-

Directed and Online Fully Online 

Curriculum All Print Print With 
Some Online 

Half Print 
Half Online 

Online With 
Some Print 

All 
Online 

Course 
Pacing 

Student Driven 
Students Determine Pace 

Teacher Driven 
Teachers Determine Pace 

Note. For each dimension, the highlighted aspect represents a key feature of the online learning model for this study. 

The rationale for centering a credit recovery course around an online curriculum is based 

on features afforded by the online program that, if utilized, may result in instructional 

experiences that meet the needs of academically underserved students. These features include 

simulations, animations, and interactive tools to promote engagement and support learning; 

lessons that employ evidence-based models to support learning complex concepts; flexibility that 

allows students to progress through the course material at their own pace; and providing more 

immediate performance feedback to students (Bakia et al., 2013; Blackboard K–12, 2009; 

Dynarski et al., 2008; Kehrer et al., 2013; Kemple et al., 2005; Mayer, 2011; Mayer & Moreno, 

2003; Roschelle et al., 2016; U.S. Department of Education, 2009).  

The role of the credentialed, in-class teacher provided by each participating school was to 

monitor students as they worked through the online course and to provide supplemental 

instructional support targeted to students’ needs (Taylor et al., 2016). Teachers could monitor 

student progress and performance through the online provider’s educator dashboard, including 

information on how much time each student spent in the program and how they performed in 



Multisite Randomized Study of Online Credit Recovery 8 

each lesson. Although the online curriculum was the core content in these classes, teachers had 

the flexibility to supplement instruction as they saw fit.  

To examine the effectiveness of the online classes, we compared them to the typical 

teacher-directed credit recovery classes students take at each high school in the study (the BAU 

condition). Classes in both the online and BAU conditions were expected to be aligned with the 

district’s intended curriculum and cover the same content standards for the course. As with the 

online classes, a credentialed teacher led the teacher-directed classes. The BAU classes primarily 

relied on traditional teacher-directed instruction to deliver the course content. In contrast to the 

online classes, teachers had more flexibility to determine the instructional materials, which were 

typically paper based. Teachers also had more freedom to determine the pace of student progress 

through the course content. All classes in both the intervention (online) and BAU (teacher-

directed) conditions met for 2.5 hours each day in a standard classroom during the district’s 5-

week summer session. 

The intervention’s theory of action is presented in Figure 2. We hypothesized that the 

online classes would provide students with a different instructional context than the teacher-

directed classes and that this different context could affect the following instructional features: 

• Individualized pacing of course content 

• Connection of course content to student needs 

• Provision of instructional support for student learning 

• Provision of more immediate performance feedback to students 

In turn, we hypothesized that exposure to these features would affect the following 

student experiences in the credit recovery classes: 

• Engagement in the class
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• Personalized instructional support 

• Academic challenge in the class 

• Clarity of class expectations 

These experiences can then affect course credit recovery and subject content knowledge, 

which can ultimately affect more general subject content knowledge, credit accumulation, and 

high school graduation. In this article, we examine the course-specific interim outcomes, as well 

as general subject content knowledge measured a few months after the summer session. As the 

study continues, we will follow students through 4 years of high school so that we can report on 

their longer term outcomes in a future article.  



Multisite Randomized Study of Online Credit Recovery 10 

Figure 2 

Theory of Action 
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Study Design 

In this section, we describe the study sample, then discuss the data collection and measures, and 

finish with an overview of the analytic approach. 

Study Sample 

The study took place in Los Angeles high schools that were recruited for the study. To be 

included in the study, students had to meet the following criteria: 

• Entered ninth grade in the 2017–18 or 2018–19 school year (expected graduation 

class of 2021 or 2022). 

• Enrolled in a district high school in spring 2018 (for class of 2021) or spring 2019 

(for class of 2022). 

• Failed Algebra 1 or at least one semester of their English 9 course during their first 

year of high school. 

• Enrolled in one of the credit recovery classes that were part of the study at the start of 

the summer session. For the first summer session (2018), only English 9 classes were 

in the study. For the second summer session (2019), the study included both 

Algebra 1 and English 9 classes. 

• Not be classified with an English language development (ELD) level of 1, 2, or 3.4 

4 English learners are classified into one of five ELD levels, where a higher number indicates better English 
language development. Per district policy, students with an ELD level below 4 should not be enrolled in online 
courses, so we excluded them from the study. 
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The analyses in this article are based on 613 students in 28 Algebra 1 classes across 13 

high schools and 1,124 students in 70 English 9 classes across 19 high schools.5 In each 

participating school, half of the classes were online classes and half were teacher-directed 

classes. Students were randomly assigned to take their credit recovery course in an online class 

(treatment) or a teacher-directed class (control). Random assignment took place within blocks 

defined by subject, cohort, and school. In some schools, blocks were further defined by which 

semesters of the course the students failed during their ninth grade year. A consort diagram in the 

Online Supplemental Appendix documents the number of students in the randomized sample and 

each analytic sample. 

Table 1 compares the baseline characteristics of the students in the online and teacher-

directed classes. As expected for students requiring credit recovery, students in the study 

performed well below average in eighth grade English and math and had lower than a C average 

in their ninth grade courses. Students in the online and teacher-directed classes had similar 

characteristics and prior academic struggles, on average, with standardized mean differences 

(SMD) of less than 0.25 standard deviations (a common threshold for baseline equivalence; U.S. 

Department of Education, 2020). This indicates that the random assignment process successfully 

resulted in similar students, on average, in each class type.  

5 English 9 includes two courses: English 9A and English 9B. There were 156 students enrolled in more than one 
class in the same subject (Algebra or English). For these students, we randomly selected which class to include in 
the analytic sample so that the number of students reflects unique student counts within a subject. There are 54 
students in both the Algebra 1 and English 9 analytic samples, so there are 1,683 unique students in the total study 
sample but 1,737 total observations across the Algebra 1 and English 9 samples. 
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Table 1 

Description of the Student Sample 

Algebra 1 English 9 

Student characteristics 
Online 
classes 

Teacher-
directed 
classes SMD 

Online 
classes 

Teacher-
directed 
classes SMD 

Number of students 305 308 564 560 
Female 47% 43% 0.08 35% 33% 0.04 
Ethnicity: African American/Black 10% 12% −0.09 8% 9% −0.06 
Ethnicity: Latinx/Hispanic 81% 80% 0.02 85% 83% 0.09 
Ethnicity: Other 9% 8% 0.08 7% 9% −0.11 
National school lunch-eligible 80% 80% 0.02 89% 90% −0.04 
Gifted/talented program 6% 8% −0.18 12% 12% 0.02 
Student with a disability 10% 8% 0.08 11% 13% −0.10 
ELD program (Level 4 or 5) 18% 19% −0.03 15% 16% -0.06 
Attendance rate (Grade 9) 92% 92% 0.00 85% 84% 0.04 
Average GPA (Grade 9) 1.51 1.58 −0.10 1.37 1.34 0.03 
Average SB Grade 8 z-score: ELA −0.44 -0.35 −0.12 −0.46 −0.47 0.01 
Average SB Grade 8 z-score: Math −0.52 -0.42 −0.14 −0.44 −0.38 −0.08 

Note. An omnibus likelihood ratio test of group differences across all covariates was not statistically significant 
(Algebra 1 p = 0.663, English 9 p = 0.095). 
SMD = standardized mean difference. The SMD was calculated using the Cox index for dichotomous measures and 
Hedge’s g for continuous measures. ELD = English language development; GPA = grade point average; SB = 
smarter balanced scale score standardized on the basis of the districtwide mean and standard deviation; ELA = 
English language arts.  

Data and Measures 

We collected the following primary and extant data to address the research questions:6 

• An end-of-course student survey to measure student instructional experiences aligned 

with the theory of action; 

• A study-developed end-of-course test to measure student course content knowledge; 

• District extant data, including student background characteristics, eighth grade state 

test scores, ninth grade academic performance, the final grade students received in the

6 For primary student-level data collection (student survey and test), students and their guardian were informed that 
their credit recovery class was participating in a research study and they could opt out of participating in the data 
collection. Students had to return a form signed by their guardian to opt out of the data collection. The consent form 
was provided in English and Spanish.  
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credit recovery course, and student scores on the district-required PSAT fall 

administration for tenth graders. 

Student Survey 

The study team administered the student survey in class during the last week of the summer 

term. The response rate was 66% for Algebra 1 (60% for online classes and 73% for teacher-

directed classes) and 59% for English 9 (57% for online classes and 61% for teacher-directed 

classes). The surveys included a series of statements about the class and asked students to report 

how much they agree with each statement, on a 4-point scale, for their credit recovery class.7 

Most of the survey items were adapted from items used in a study of student engagement 

(Skinner et al., 2009) or the earlier credit recovery study that took place in Chicago (Heppen 

et al., 2017). With our final sample, including the summer and school-year study classes, we 

conducted exploratory and confirmatory factor analyses to develop survey measures for five 

student experiences aligned with the theory of action: 

• Behavioral engagement measures the extent to which students made efforts and 

actions to learn in class. 

• Emotional engagement measures the extent to which students felt enthusiasm and 

enjoyment in class. 

• Personalized instruction measures the extent to which students thought their teacher 

provided them with additional instruction when they needed help. 

• Academic challenge measures the extent to which students thought the class was 

challenging.

7 The 4-point scale had the following response options: strongly disagree, disagree, agree, and strongly agree. 
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• Clarity of class expectations measures the extent to which students thought the 

teacher had high expectations and that they understood how the class work aligned 

with what they should be learning. 

For each of the student survey constructs, we analyzed factor scores standardized based 

on the total sample mean and standard deviation. More information about each construct is 

reported in the Online Supplemental Appendix (Table S.1). 

Student Test 

The student test was administered in a class by the study team during the last week of the 

summer term. The response rate was 66% for Algebra 1 (59% for online classes and 72% for 

teacher-directed classes) and 59% for English 9 (57% for online classes and 60% for teacher-

directed classes). The Algebra 1 test included 20 multiple choice items taken from the pool of 

publicly released Grade 8 and Grade 12 mathematics NAEP tests. We selected items that cover 

the range of topics typically taught in a first-year algebra course, including some items that cover 

important prealgebra content. The English 9 test included 20 multiple choice items taken from a 

pool of publicly released items from Ohio’s Grade 8 and high school English language arts state 

assessment.8 The test included items about two literary texts and items about two informational 

texts. For the Algebra 1 and English 9 tests, we used a two-parameter item response model to 

create student scale scores. We standardized the scale scores based on the total sample mean and 

standard deviation (separately for each subject).9 

8 For the English test, we used reading passages and items from the Ohio state assessments instead of the NAEP or 
California’s state assessment because Ohio had more publicly available items to choose from and Ohio’s state 
content standards, like California’s, were based on the Common Core State Standards. 
9 For the summer terms, the Algebra 1 test score has an empirical marginal reliability of 0.66 (internal consistency = 
0.59) and the English 9 test score has an empirical marginal reliability of 0.77 (internal consistency = 0.75). 
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Final Course Grade 

The district provided us with the final course grade students received in their credit recovery 

class. Per district policy, we defined any student with a grade of D or better as having passed the 

class and recovered the course credit. Some students who were enrolled in a study class at the 

start of the summer term did not receive a final grade either because they dropped the class or 

took an incomplete. We coded all students without a final grade as not passing the class during 

the summer. 

PSAT Test Score 

The district provided us with PSAT math and reading scores for students who took the PSAT fall 

administration that the district requires for all tenth graders. Among our student sample, 85% of 

the Algebra 1 students (84% for online classes and 85% for teacher-directed classes) and 82% of 

the English 9 students (81% for online classes and 83% for teacher-directed classes) had PSAT 

scores. While not directly aligned with Algebra 1 and English 9 content, we used the PSAT test 

scores to examine whether online credit recovery had an effect on more subject-general content 

knowledge.  

District Extant Data 

For all students in the study, the district provided us with student characteristics, eighth grade 

state assessment English language arts and math scores, course grades in ninth grade, and school 

attendance in ninth grade. We used this information to check baseline equivalence (see Table 1) 

and as covariates in the student outcome models (see description of analysis in the next section). 

For course grades in ninth grade, we calculated each student’s grade point average (GPA) as the 

average GPA in the fall and spring semesters. 
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Impact Analysis 

Our primary analysis targets the individual-level average effect for the finite population of sites 

in the study sample (Miratrix et al., 2021), and we analyzed the data based on the type of class to 

which students were randomly assigned so that we could estimate the intent-to-treat (ITT) 

average effect.10 We conducted the analysis separately for Algebra 1 and English 9. We used a 

linear regression model for the survey measure and test score outcomes, and a logistic regression 

model for whether students passed or did not pass the class. The linear regression model takes on 

the following form, with a vector of student background characteristics (X) as listed in Table 1 

and a vector of fixed effects for the randomization blocks (B), which account for school (and 

cohort for English 9):11  

𝑌𝑌𝑖𝑖 = 𝛽𝛽0 + 𝛽𝛽1𝑇𝑇𝑖𝑖 + 𝑿𝑿𝑖𝑖′𝜷𝜷𝑥𝑥 + 𝑩𝑩𝑗𝑗′𝜸𝜸𝑗𝑗 + 𝑒𝑒𝑖𝑖 

The parameter of primary interest is 𝛽𝛽1, which represents the precision-weighted average 

treatment effect. The logistic regression model takes the same form but with a log-linear 

transformation. 

Missing data are a potential concern for the Grade 8 state assessment scores (covariates) 

and the student survey and test (outcomes). In particular, the high overall and differential missing 

data rates for the student survey and end-of-course test are a potential validity threat for those 

outcome measures. Based on the What Works Clearinghouse thresholds for acceptable attrition 

bias (What Works Clearinghouse, 2022), the Algebra 1 sample has high attrition even using the 

optimistic boundary and the English 9 sample has high attrition under the cautious boundary. 

Tables comparing the total student sample to the sample of students with scores on the study-

10 Approximately 90% of the students were enrolled in the class they were assigned to. 
11 Due to potential non-linearities in the attendance rate, we included dichotomous indicators for the following 
attendance rate categories in the model instead of the actual attendance rate: less than 75%, 75% to 84%, 85% to 
89%, 90% to 94%, and 95% to 100%.  
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developed end-of-course test and PSAT are provided in the Online Supplemental Appendix 

(Tables S.2 and S.3). Student characteristics for the sample of students with survey data are 

nearly identical to the sample of students with test data, given that the survey and test were 

administered at the same time. Among students with observed outcome data, the treatment and 

control groups have similar background characteristics (i.e., standardized mean differences 

below 0.25), which suggests that differential attrition bias may be minimal. However, 

statistically significant differences in background characteristics existed between students 

missing outcome data and those with observed outcome data. In particular, students missing 

survey and end-of-course test scores had significantly lower ninth grade attendance rates, on 

average, than students with observed outcome data, and students missing PSAT scores had, on 

average, significantly lower ninth grade attendance rates and lower ninth grade GPA. 

To account for potential bias due to missing data, we used multiple imputation with 

chained equations (M = 20). We ran separate imputation models by subject and treatment 

condition. The imputation models used the predictive mean matching method (k = 3) and 

included all covariates, randomization blocks, and student outcomes.12 As a robustness check, 

we estimated treatment effects using a complete case analysis (i.e., listwise deletion). Results 

from this analysis are presented in Table S.4 in the Online Supplemental Appendix. The 

direction and statistical significance for all but one effect estimate were the same regardless of 

whether multiple imputation or listwise deletion was used to handle missing data. The one 

exception was for the Algebra 1 end-of-course test, where the effect estimate was not statistically 

12 In our preregistered analysis plan, we said we would use multivariate normal regression to multiply impute 
missing data. That approach produced data with extreme outliers and exacerbated the variance of some measures. As 
a result, we decided to use predictive mean matching for multiple imputation, which produced more plausible 
imputed values and distributions. 
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significant for the main analysis based on multiple imputation but was significant when using 

listwise deletion.  

Exploratory Analysis 

We conducted two types of exploratory analyses to examine treatment effect heterogeneity. First, 

we tested whether average effects varied across sites, defined as school-by-cohort combinations, 

because the effectiveness of the online class might depend on factors unique to the instructional 

environment (including the teacher). Second, we tested whether a student’s prior academic 

performance and engagement moderated the effect of online credit recovery because the online 

class might be more effective for students who enter credit recovery with a relatively strong 

academic foundation.  

For the analysis of between-site heterogeneity, we estimated site-specific treatment 

effects by adding site-by-treatment interaction terms (fixed effects) to the main impact model 

specification. We then meta-analyzed the site-specific treatment effect estimates and their 

standard errors to estimate the between-site treatment effect variance. 

For the student-level moderator analysis we focused on three dichotomous student-level 

indicators: (1) relatively high versus low achievement on the subject-specific eighth grade state 

assessment, where higher achievement was defined as scoring better than 0.50 standard 

deviations below the district average; (2) relatively high versus low course performance in the 

first year of high school, where higher performance was defined as having a GPA above 1.50; 

(3) relatively high versus low school attendance in the first year of high school, where higher 

attendance was defined as having an attendance rate above 90%. For the first two indicators, the 

cut-points split the student sample approximately in half, reflecting the fact that most students in 

credit recovery enter with low academic performance. For the third indicator, approximately 
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40% of the student sample is classified in the higher attendance group. We estimated separate 

moderation models for each dichotomous indicator, where the main impact model was altered to 

include an interaction term between the treatment indicator and the moderator. 

Results 

In this section, we briefly describe how students assigned to an online class progressed through 

the online curriculum to help contextualize the findings and then turn to the three research 

questions. To present the primary impact analysis results, we first focus on the Algebra 1 classes 

and then focus on the English 9 classes. We conclude the section with a summary of our 

exploratory analysis of effect heterogeneity. 

In presenting the overall average effect estimates, we provide the 95% confidence 

interval and 90% confidence interval around the point estimate. The 95% confidence interval 

aligns with the traditional null hypothesis statistical test, where an interval that intersects with 

zero implies failure to reject the hypothesis of no effect (with α = .05). The 90% confidence 

interval aligns with the two one-sided tests of equivalence (Barker et al., 2002), where the 

interval represents the range of differences within which we cannot reject the hypothesis of 

group equivalence (with α = .05). If the threshold for a substantive difference falls outside the 

90% confidence interval, we have statistical evidence to conclude that the two groups are 

substantively equivalent given that threshold. The study was designed to test for significant 

differences between groups, and therefore we prioritize inferences from that test in our 

discussion. Presenting the 90% confidence interval provides additional context for how to think 

about the uncertainty in the effect estimates. Specifically, the 90% confidence interval informs 

the extent to which we should be cautious to conclude that “no significant difference” implies 

that the two groups have similar average outcomes. 
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Online Course Progression 

To properly contextualize the effects of online credit recovery, it is helpful to know how much 

exposure students in the online course had to the online curriculum. For both Algebra 1 and 

English 9, active time in the online program and online course progression fell below 

expectations. While there are no formal guidelines for time spent in the online program, the 

online provider suggested that most students will need approximately 40 hours to get through the 

content. For students assigned to an online class, only 10% of Algebra 1 students and 12% of 

English 9 students spent at least 40 hours in the online program content, with the average student 

spending about 24 hours in the program. Relatedly, only 28% of Algebra 1 and 34% of English 9 

students assigned to an online class completed at least three fourths of the online course, with the 

average student completing 51% of the course content.13 

Algebra 1 Results 

(RQ1) Student Experiences 

Across the five student experience measures, we found no statistically significant differences 

between the instructional experiences reported by algebra students assigned to an online class 

and those of students assigned to a teacher-directed class, on average (see Figure 3). However, 

the 90% confidence intervals are too wide to conclude that students in the online and teacher-

directed classes had substantively equivalent experiences. For example, the lower-bound 90% 

confidence interval for the effect on behavioral engagement extends to about −0.30 standard 

deviations, which means we do not have enough confidence in the point estimate to reject a 

13 To examine whether the ITT treatment effect estimates might misrepresent the average effect for a student who 
completed a significant portion of the online course, we conducted a supplemental analysis to estimate the 
treatment-on-the-treated (TOT) average effects using a two-stage least squares model with random assignment as 
the instrument. The TOT estimates based on different thresholds for “treated” are presented in the Online 
Supplemental Appendix (Table S.5). 
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hypothesis that the true difference is no larger than 0.30 standard deviations. With the exception 

of personalized instruction, average differences in student-reported experiences ran counter to 

the theory of action.  

Figure 3 

Estimated Differences in Student Instructional Experiences Between Online and Teacher-
Directed Algebra 1 Classes 

Note. The 95% confidence interval visualizes the null hypothesis test (α = 0.05), where intervals that intersect with 
zero indicate that the effect is not statistically significant. The 90% confidence interval visualizes the two one-sided 
tests of equivalence (α = 0.05), where intervals represent the range of group differences within which we cannot 
conclude the groups are statistically equivalent. Standard errors are reported in parentheses. N = 305 students in the 
online classes and 308 students in the teacher-directed classes. 

(RQ2) Credit Recovery Rates 

The average credit recovery rate in the Algebra 1 online classes was 7 percentage points lower 

than in the teacher-directed classes (62% vs. 69%), with the full grade distribution presented in 

the top panel of Figure 4. However, the model-estimated treatment effect is −6 percentage points 

and is not statistically different from zero (see bottom panel of Figure 4). The estimated effect of 

−6 percentage points represents an effect size of approximately −0.15 based on a Cox index



Multisite Randomized Study of Online Credit Recovery 23 

transformation. While the estimated effect is not statistically significant, one should not conclude 

that the two types of classes had “equivalent” credit recovery rates, because the 90% confidence 

interval spans beyond a plausible equivalence threshold (e.g., −10 percentage points). 

Figure 4 

Estimated Differences in Credit Recovery Rates Between Online and Teacher-Directed 
Algebra 1 Classes 

Note. The effect on the course pass rate was estimated with a logistic regression model. We display the effect in 
percentage points (bottom panel) relative to the observed pass rate in the teacher-directed classes. The 95% 
confidence interval visualizes the null hypothesis test (α = 0.05), where intervals that intersect with zero indicate that 
the effect is not statistically significant. The 90% confidence interval visualizes the two one-sided tests of 
equivalence (α = 0.05), where intervals represent the range of group differences within which we cannot conclude 
the groups are statistically equivalent. The standard error is reported in parentheses. N = 305 students in the online 
classes and 308 students in the teacher-directed classes. 
Inc = incomplete or no final grade assigned. 

(RQ3) Content Knowledge 

The estimated average effect on student content knowledge is presented in Figure 5. On the end-

of-course Algebra 1 test, students in the online classes scored 0.15 standard deviations higher, on 

average, than students in the teacher-directed classes. The estimated difference, however, is not 
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statistically significant.14 Perhaps more importantly, in both the online and teacher-directed 

classes, students only answered about a third of the test questions correctly, on average. Any 

differences in Algebra 1 content knowledge did not translate over to more general math content 

knowledge, as measured by the PSAT. The average difference in PSAT performance between 

the two types of classes was only −0.03 standard deviations, which was not statistically 

significant. 

14 The finding about student performance on the algebra test is sensitive to how we handle missing test score data in 
the analysis (missing for 34% of the students). For our primary analysis that uses multiple imputation for missing 
data, the estimated effect is 0.15 (p = 0.08), but if we conduct a complete case analysis that drops observations with 
missing data the estimate effect is 0.21 (p = 0.03). For all other outcomes, the statistical significance test inference 
was the same when using multiple imputation or a complete case analysis. See Table S.4 in the Online Supplemental 
Appendix for a comparison of the results from the multiple imputation and complete case analyses. 
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Figure 5 

Estimated Differences in Student Content Knowledge Between Online and Teacher-Directed 
Algebra 1 Classes 

Note. The 95% confidence interval visualizes the null hypothesis test (α = 0.05), where intervals that intersect with 
zero indicate that the effect is not statistically significant. The 90% confidence interval visualizes the two one-sided 
tests of equivalence (α = 0.05), where intervals represent the range of group differences within which we cannot 
conclude the groups are statistically equivalent. Standard errors are reported in parentheses. N = 305 students in the 
online classes and 308 students in the teacher-directed classes. 

English 9 Results 

(RQ1) Student Experiences 

The student survey responses suggest that students, on average, had more positive experiences in 

the English 9 online classes than in the teacher-directed classes (see Figure 6). However, the 

estimated differences in student experiences were not statistically significant, except for 

personalized instruction. The average degree of personalized instruction was 0.25 standard 

deviations more prevalent in the online classes than in the teacher-directed classes. 
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Figure 6 

Estimated Differences in Student Instructional Experiences Between Online and Teacher-
Directed English 9 Classes 

Note. The 95% confidence interval visualizes the null hypothesis test (α = 0.05), where intervals that intersect with 
zero indicate that the effect is not statistically significant. The 90% confidence interval visualizes the two one-sided 
tests of equivalence (α = 0.05), where intervals represent the range of group differences within which we cannot 
conclude the groups are statistically equivalent. Standard errors are reported in parentheses. N = 564 students in the 
online classes and 560 students in the teacher-directed classes.  
*Average difference between the online and teacher-directed classes is statistically significant (p value < 0.05). 

(RQ2) Credit Recovery Rates 

Despite a significant difference in student-reported personalized instruction, credit recovery rates 

were significantly lower in the English 9 online classes than in the teacher-directed classes (see 

Figure 7). Based on the observed course grades for the study sample, the credit recovery rate for 

students assigned to an online class was 15 percentage points lower than for students assigned to 

a teacher-directed class (52% vs. 67%). The model-estimated average treatment effect indicates 

that taking the online class had an even worse effect on passing the English 9 course: a 
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statistically significant estimated effect of −23 percentage points. This difference represents an 

effect size of approximately −0.58 based on a Cox index transformation. 

The large negative effect for English 9 was likely driven by unintended shifts in the 

grading criteria teachers used to determine final course grades. Based on responses to a survey 

we administered to all teachers in the study, English 9 teachers of the online and teacher-directed 

classes said they emphasized different criteria when determining final course grades. In 

particular, tests and quizzes accounted for 67% of the final grade in the average online class and 

only 40% in the average teacher-directed class. The increased emphasis on tests and quizzes was 

paired with a decreased emphasis on class assignments, which accounted for 18% of the final 

grade in the average online class and 38% in the average teacher-directed class. These 

differences in grading criteria were statistically significant, and there was a small non-significant 

change in the emphasis on behavior-related criteria. A likely explanation for the shift in grading 

is that teachers of the online classes utilized the overall grade students received within the online 

program, which is about 70% test or quiz based and 30% assignment based when determining a 

student’s final grade for the course.15 

15 Per district policy, the classroom teacher in both the online and teacher-directed classes have “ownership” of the 
gradebook and can determine student grades as the teacher determines is best. Teachers of the online class could use 
the grade produced by the online program as they saw fit. Anecdotally, we observed some confusion among teachers 
about the latitude they had to determine final grades in the online classes, with many teachers thinking they had to 
base a student’s final course grade on the student’s grade in the online program.  
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Figure 7 

Estimated Differences in Credit Recovery Rates Between Online and Teacher-Directed 
English 9 Classes 

Note. The effect on the course pass rate was estimated with a logistic regression model. We display the effect in 
percentage points (bottom-right panel) relative to the observed pass rate in the teacher-directed classes. The 95% 
confidence interval visualizes the null hypothesis test (α = 0.05), where intervals that intersect with zero indicate that 
the effect is not statistically significant. The 90% confidence interval visualizes the two one-sided tests of 
equivalence (α = 0.05), where intervals represent the range of group differences within which we cannot conclude 
the groups are statistically equivalent. Standard errors are reported in parentheses. N = 564 students in the online 
classes and 560 students in the teacher-directed classes. Inc: incomplete or no final grade assigned. 
*Average difference between the online and teacher-directed classes is statistically significant (p value < 0.05). 

(RQ3) Content Knowledge 

The estimated average effect on student content knowledge is presented in Figure 8. For both 

tests, average performance was not statistically different in the online and teacher-directed 

classes. On the end-of-course English 9 test, students in the online classes scored 0.02 standard 

deviations lower, on average, than students in the teacher-directed classes. On the more general 

reading PSAT, students in the online classes scored 0.04 standard deviations higher, on average, 

than students in the teacher-directed classes.  
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Figure 8 

Estimated Differences in Student Content Knowledge Between Online and Teacher-Directed 
English 9 Classes 

Note. The 95% confidence interval visualizes the null hypothesis test (α = 0.05), where intervals that intersect with 
zero indicate that the effect is not statistically significant. The 90% confidence interval visualizes the two one-sided 
tests of equivalence (α = 0.05), where intervals represent the range of group differences within which we cannot 
conclude the groups are statistically equivalent. Standard errors are reported in parentheses. N = 305 students in the 
online classes and 308 students in the teacher-directed classes. 

Exploration of Treatment Effect Heterogeneity 

While we found no significant average effects on student content knowledge, the non-significant 

average effects may mask meaningful effects across instructional situations or for certain types 

of students. For our exploration of whether the average effect of the online credit recovery 

classes differed across instructional situations, we tested whether there was significant variation 

in average effects across school-by-cohort pairs. For both subjects and both content knowledge 

outcomes, the estimated between-site effect variance was close to zero and not statistically 

significant. We conducted an analysis of student-level moderators to test whether the online 

classes had a differential effect based on a student’s academic foundation coming into credit 

recovery. Across the three moderators we tested for each of the two course subjects and two 

content knowledge outcome measures, results from the moderator analysis do not point to a 
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consistent relationship between a student’s academic foundation and the effect of online credit 

recovery. 

A summary of the moderation model results is provided in Figure 9, which displays the 

model-estimated effect for students with the relatively higher prior performance indicator and the 

effect for those with the relatively lower prior performance indicator. In all but one of the 12 

moderator estimates, differences in the effect among students with higher versus lower prior 

performance were not statistically significant. For the analysis of the algebra end-of-course test, 

however, there was a consistent trend across the three prior performance indicators that the 

online classes had a larger positive effect among students coming in with higher prior 

performance. For each of the prior performance moderators, the Algebra 1 online classes had a 

statistically significant positive effect on Algebra content knowledge for students entering the 

credit recovery course with relatively higher performance, though the differential effect between 

higher and lower prior performance was only statistically significant for the difference between 

students with higher versus lower Grade 9 GPA: an estimated average effect of 0.34 standard 

deviations for higher GPA students versus an average effect of −0.06 standard deviations for 

lower GPA students. This differential effect remains statistically significant after applying a 

Benjamini-Hochberg adjustment (Benjamini & Hochberg, 1995) to account for the multiple 

moderator tests we conducted. The lack of statistically significant results for the other moderator 

tests could reflect the limited statistical power we had to identify significant moderator effects.16 

Either way, the positive effects for the Algebra 1 end-of-course test among higher prior 

performance students did not translate to significant positive effects on the broader PSAT, and 

there were no statistically significant effects for the English 9 online classes. 

16 With our realized sample sizes and outcome variances, the minimum detectable moderator effect (with 80% 
power) ranged from 0.22 to 0.62 across outcomes and moderator groups. 
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Figure 9 

Estimated Average Effect of the Online Credit Recovery Classes on Student Content 
Knowledge, by Academic Foundation Moderators  

Figure 9. Estimated average effect of the online credit recovery classes on student content knowledge, by academic 
foundation moderators. Note. Effect estimates are in standard deviation units. The horizontal bars represent the 95% 
confidence interval, where intervals that intersect with zero indicate that the estimated effect is not statistically 
significant from zero. For Algebra 1, the achievement moderator is based on the Grade 8 mathematics state test 
score and the test outcomes are the study-developed algebra test and PSAT math. For English 9, the achievement 
moderator is based on the Grade 8 English language arts state test score and the test outcomes are the study-
developed English test and PSAT reading. EOC = end-of-course test.  
*Difference between the average effect in the higher versus lower group is statistically significant (p value < 0.05).



Multisite Randomized Study of Online Credit Recovery 32 

Discussion 

The Algebra 1 and English 9 results do not provide a consistent story about the relative 

effectiveness of online credit recovery, but they do inform the evidence base about online credit 

recovery and have implications for future research. Broadly speaking, the findings do not support 

the public perception that online courses are easier to pass or that students learn less in these 

classes. On the contrary, when compared to a school’s typical teacher-directed credit recovery 

course, the Algebra 1 and English 9 findings suggest that students learn about the same, though 

the analysis lacks enough precision to confidently conclude students demonstrated similar 

content knowledge in both types of credit recovery classes. For Algebra 1, there is some 

evidence that students coming into credit recovery with relatively higher prior academic 

performance may learn more in the online class than in the teacher-directed class. For English 9, 

the findings suggest that students are less likely to pass an online course. This is not to say that 

concerns about online credit recovery are necessarily unfounded but to say that the online credit 

recovery landscape is, like most issues in education, complicated.  

Given these complications, it is important to consider this study’s findings within the 

context of the online model implemented. First, we studied an online course that utilized a single 

online provider, Edgenuity, where student interaction with the online program was suboptimal. 

Data from the online provider indicate that most students did not spend the recommended time 

online and completed less than half of the online course. It is not clear how the results would 

generalize if students spent the recommended time with the online program. Furthermore, it is 

not clear how this level of engagement with and progression through the online course content 

compares to how students engage with and progress through the course content in a typical 

teacher-directed credit recovery class. Future research could seek to disentangle the potential 
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educational value of the instructional model (online vs. teacher directed) from the degree of 

engagement or take-up. Second, we studied an online model where the primary curriculum was 

online but there was a credentialed in-class teacher to support student learning, or even augment 

it with their own instruction. Findings about the instructional features (not presented in this 

article) and student experiences suggest that we tested a limited version of an online model with 

in-class instructional support. In particular, we intended teachers in the online classes to provide 

more instructional support and more frequently supplement the online curriculum to better 

address their students’ needs than occurred during the study. A study based on a well-

implemented blended course may find different results on student outcomes. In addition, results 

from this study may not generalize to a virtual course with little to no instructional support or to 

a course that uses a different online provider. 

It is important to consider the features of the online model we tested not just in relation to 

interpreting the estimated effects on proximal student outcomes, but also in relation to how much 

it costs to implement online credit recovery. The potential for cost savings could be one reason 

school districts consider using online courses, and null effects for online credit recovery may be 

interpreted as a net-positive if online credit recovery costs less than the teacher-directed option. 

For example, in their study of online credit recovery, Heinrich and Darling-Aduana (2021) 

reported that online credit recovery cost the district in their study about half what it cost to 

provide credit recovery in a traditional classroom. However, such cost savings are most likely to 

occur when the online courses support larger classes and/or do not require a subject-specific 

credentialed teacher in the classroom, as was the case in the Heinrich and Darling-Aduana study. 

In a cost analysis for our study (Atchison et al., 2020), we found that it cost the district about 
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25% more per student to implement the online classes than the teacher-directed classes.17 This 

was primarily because both types of classes in the study required a credentialed in-class teacher 

and had similar class sizes, but the online classes had the additional cost of the online program 

licenses. We also found, however, that if you account for the amount of time teachers spent 

beyond their contracted hours working on the class (e.g., lesson planning, developing materials, 

grading), the total costs were lower in the online classes than the teacher-directed classes. The 

total cost savings were particularly pronounced for English 9 classes. 

Two other important contextual factors are the setting and student population for this 

study. We focused on students who retook an Algebra 1 or English 9 course during the summer 

between their first and second year of high school. These students may be a little more motivated 

than their peers who failed and did not try to recover the credit during the summer. But they also 

may face less immediate pressure to pass than the eleventh and twelfth grade students who take 

online courses to get the credits required for graduation. In talking to school administrators and 

teachers for our study, for example, some expressed concerns that many of the first-year high 

school students did not yet have the self-regulatory skills and sense of urgency to succeed in the 

online course, and that the online course would be better suited for the older high school 

students. In addition, the study of online education by Heinrich et al. (2019) found that younger 

high school students (ninth and tenth graders) were less compatible with the online course-taking 

system because they were less engaged in the online program and the effect on future course 

17 For the cost analysis, we used the ingredients approach, as developed by Levin et al. (2018), to calculate the costs 
of providing the credit recovery classes. The approach involved identifying the comprehensive list of 
“ingredients”—personnel and non-personnel resources such as instructor time during and outside of class, 
computers, and textbooks—associated with providing credit recovery (both online and teacher directed). We 
collected data from several sources: teacher weekly logs (to get at time spent on class related activities outside of the 
school day, like planning, grading, and time spent supporting students), end-of-the-course teacher survey (to capture 
time spent on professional development, and use of materials, books, and equipment) and interviews with school 
administrators (to assess differences in administrative time required for setting up and managing the two types of 
classes). 
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performance was worse for them than for older students. Our study cannot directly speak to this 

concern, though our data do demonstrate that at least some first-year high school students 

succeed in online credit recovery. While one should be cautious about extrapolating our findings 

to distinctly different settings and populations, one should also be cautious to not default to broad 

assumptions about student capabilities.  

The study’s limitations spotlight the paucity of research on the effects of online credit 

recovery. This study and the study in Chicago (Heppen et al., 2017) represent the only two 

experimental tests of online credit recovery. Both studies focused on students taking credit 

recovery during the summer between their first and second year of high school but used different 

online providers and tested different online models. In Chicago, there was an online instructor 

and an in-class “mentor” that did not have an explicit expectation to provide instructional 

support, while in Los Angeles there was no online instructor and the in-class teacher was 

expected to provide instructional support. It is impossible to say, however, whether the different 

findings regarding Algebra 1 test scores (a statistically significant negative 0.19 effect size in 

Chicago vs. a positive 0.15 but not statistically significant effect size in Los Angeles) are due to 

differences in the provider or instructional model. What we can say from these divergent results 

is that there is more to learn, and decision-makers should be cautious about expanding online 

credit recovery without studying its effects within their local context and implementation model. 
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