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As researchers continue to examine the growing number of charter schools in the United States, they have focused

attention on the significant heterogeneity of charter effects on student achievement. Our article contributes to this agenda

by examining the achievement effects of virtual charter schools vis-a-vis brick-and-mortar charters and traditional public

schools and whether characteristics of teachers and classrooms explain the observed impacts. We found that students

who switched to virtual charter schools experienced large, negative effects on mathematics and English/language arts

achievement that persisted over time and that these effects could not be explained by observed teacher or classroom

characteristics.
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he proliferation of charter schools has become one of the

central features of contemporary education reform. As

charter school options have expanded, researchers have
focused on comparing outcomes between students attending
charter schools and those in traditional public schools. Although
researchers have started to concentrate on heterogeneity of
learning opportunities across sectors by considering magnet and
private schools alongside charter and traditional public schools
(Berends & Waddington, 2018), they have paid less attention to
differences within the charter school sector. Given the steady
expansion of charter school enrollment across multiple types of
operators  (e.g., independent
schools), policymakers are looking for evidence of whether some
types of charter school operators produce notably different
results than others.

Depending on a state’s law, different types of organizations
may operate charter schools, including for-profit educational
management organizations (EMOs), nonprofit charter manage-
ment organizations (CMOs), public school districts, and inde-
pendently operated schools. In addition, these management
organizations

management organizations,

may operate traditional “brick-and-mortar”
schools, virtual schools (i.e., e-schools), or blended versions of
both. By design, then, the charter school sector has produced a
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wide variety of organizational forms that utilize a range of
instructional and managerial strategies to impact student out-
comes. Given this variation in operation, it is perhaps not sur-
prising that researchers are beginning to identify heterogeneous
effects across different operators. Most notably, virtually oper-
ated EMOs have been found to have strong, negative effects on
students who switch to these schools from traditional public
schools (e.g., Ahn & McEachin, 2017; Center for Research on
Education Outcomes [CREDO], 2015; Zimmer et al., 2009).
These negative outcomes have been found across multiple states
with varying charter school laws regulating the authorization of
these schools.

Despite the consistently negative effects of virtual charter
schools on student achievement, we know very little about how
these schools compare to other charter operators serving stu-
dents in similar contexts. In addition, there is limited research on
the extent to which characteristics of virtual charter school
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teachers are associated with student achievement. In the present
study, we address the following research questions:

Research Question 1: What is the impact over time of switch-
ing from a traditional public school into a virtual charter
school on mathematics and English/language arts achieve-
ment in Indiana? How do these impacts compare to those
associated with switching into brick-and-mortar charter
schools in the state?

Research Question 2: What proportion of the variation in vir-
tual charter school students’ achievement is concentrated
at the teacher and school levels? How does this compare to
traditional public schools and other types of charter
schools in Indiana?

Research Question 3: What are the characteristics of teachers
in virtual charter schools compared to traditional public
schools and brick-and-mortar charter schools in Indiana?
Do these characteristics explain the impacts of virtual
charter schools on student achievement?

To address these questions, we analyzed longitudinal administra-
tive records from the state of Indiana. These data present a
unique opportunity in that Indiana authorizes multiple types of
charter school operators that each participate in the same state
assessments as the traditional public schools.

Background and Literature Review

State laws that authorize the operation of charter schools vary
widely in the procedures for authorization, operation, and
expansion (among other things). In general, charter schools in
the United States are operated by independent entities, EMOs,
and CMOs. Both EMOs and CMOs function as autonomous
school districts that are not constrained by traditional district
boundaries (Berends, 2015). The primary difference between
EMOs and CMO:s is that the former operate as for-profit enti-
ties while the latter are nonprofit. Most virtual charter schools in
the United States operate under EMOs (Molnar et al., 2019).

Indiana began authorizing charter schools in 2002. State law
permits authorization through multiple bodies: (a) state and
other nonprofit educational institutions that offer a 4-year bac-
calaureate degree, (b) executive of a consolidated city (e.g.,
mayor of Indianapolis), and (c) the Indiana Charter School
Board.! Furthermore, state law permits three qualitatively dis-
tinct entities to operate charter schools: EMOs, CMOs, and
independent operators. In addition, EMOs in Indiana operate
both virtual (i.e., entirely online or hybrid)? and nonvirtual (i.e.,
brick-and-mortar) charter schools.

For this article, we grouped together all virtual charter
schools and distinguish these schools from brick-and-mortar
(B&M) charter schools. We did not distinguish between B&M
school operators. Enrollments in virtual charter schools have
expanded rapidly since the first virtual charter opened in
2010.% As of the 20162017 school year, Indiana had 93 char-
ter schools serving 43,135 K-12 students across the state.
Among these were four virtual charter schools enrolling 10,984
K-12 students—nearly one-fourth of all charter school stu-
dents statewide.
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Virtual Charter Schools and Student Outcomes

Previous research has demonstrated that charter schools produce
heterogeneous outcomes relative to traditional public schools
(for recent reviews, see Berends, 2015; Betts & Tang, 2019;
Epple, Romano, & Zimmer, 2015; Ferrare, 2020). That is, on
average, some charter schools are more effective than traditional
public schools at improving student test scores and degree attain-
ment, others are less effective, and many produce null effects.
This has prompted researchers to consider which factors contrib-
ute to these varied outcomes. For instance, some scholars have
begun to explore whether differences in authorizing organiza-
tions can impact student outcomes (Berends & Waddington,
2019; Carlson, Lavery, & Witte, 2012; Zimmer et al., 2014).
Another emerging area of research focuses on the variation
between different types of operators (CMOs, EMOs, etc.); the
current study extends this field of research by focusing on virtual
charter schools as a distinct source of heterogeneity within the
charter sector.

Virtual schooling is not unique to the charter sector but
rather is situated within a broader space of full-time virtual and
blended schools that are utilized by traditional public schools,
homeschoolers, and charter schools. Traditional public schools,
for instance, have long made use of online education to offer
courses. Prior research in this area suggests that students enrolled
in these courses experience similar outcomes as those in
classroom-based environments (for an early meta-analysis, see
Cavanaugh et al, 2004). In a meta-analysis conducted by
researchers at SRI International, students taking courses in
blended online settings performed better than those in tradi-
tional face-to-face settings, but the differences between those in
purely online courses and face-to-face were null (Means et al.,
2013).

Although there is a robust literature focusing on online
course-taking, there is far less work that has sought to evaluate
full-time and blended virtual schools. A research brief published
by the National Education Policy Center (NEPC) details the
national trends in virtual school enrollment (Molnar et al., 2019;
see also Gill etal., 2015). According to the report, virtual schools
tend to enroll students who are disproportionately White and
less likely to qualify for free and reduced-price lunch (FRPL)
compared to national averages. Approximately 79% of the esti-
mated 433,000 students (300,000 full-time virtual and 133,000
blended) enrolled in virtual or blended schools are enrolled in
schools operated by charters. Virtual schools operated within the
charter sector are much more likely to be run by for-profit
EMOs than virtual schools operated within public school dis-
tricts and also tend to have substantially larger enrollments
(including teacher-to-student ratios; Molnar et al., 2019).

Research focusing on virtual charter schools has increased in
the past few years, but the types of evidence used to evaluate
virtual charter schools varies considerably with the availability of
data and estimation strategies. Numerous reports and research
briefs have been disseminated, including annual reports by
NEPC researchers since 2013. These briefs provide rich, descrip-
tive accounts of the rapidly changing virtual schooling sector,
but they offer limited information about how virtual charter
schools impact student outcomes over time. Molnar et al.



(2019), for instance, used data from school report cards (math
and English/language arts [ELA] scores, graduation rates, and
achievement gaps) to estimate the proportion of virtual charter
schools (among other types of virtual schools) with academically
acceptable and unacceptable ratings. They found that, in 2017-
2018, 59.2% of the virtual charters in their sample had academi-
cally unacceptable ratings. While informative, it remains unclear
if the unacceptable performance is an effect of the schools’ prac-
tices or the selection process by which students elect into virtual
charters.

In the absence of an experimental design, researchers attempt-
ing to estimate the impacts of virtual charter schools need to use
models that rely on assumptions about the processes by which
students select into them. For example, CREDO (2015)
attempted to estimate such impacts among virtual charter
schools across 18 states by using a strategy that matches students
on observable characteristics, such as demographics, participa-
tion in specialized programs (e.g., FRPL), and a baseline test
score. This approach has been critiqued for the assumption that
students’ observable characteristics serve as a sufficient control
for selection into charter schools (see e.g., Davis & Raymond,
2012). Using this approach to compare students in virtual
charters to those in traditional public schools, CREDO
researchers found that virtual students had annual achievement
losses of —0.25 SD in math and —0.10 SD in reading. The largest
losses in mathematics occurred in Florida (—0.46), Texas (—0.39),
Louisiana (-0.34), and California (~0.33). Some of the largest
losses in reading occurred in Louisiana (~0.28), Florida (-0.19),
Texas (—0.18), and Nevada (-0.17). More recent state-level
follow-ups conducted by CREDO in Pennsylvania (CREDO,
2019c¢), Idaho (CREDO, 2019a), and Ohio (CREDO, 2019b)
also found negative impacts for students when compared to their
counterparts in traditional public schools.

CREDO’s findings are consistent with what other studies
have found in Ohio. In a study conducted by RAND, Zimmer
et al. (2009) used a student fixed effects model to estimate
changes in achievement growth among the subset of students
who switched from traditional public to virtual charter schools.
This widely used approach allows researchers to control for any
unobservable time-invariant characteristics but has been criti-
cized due to the strong assumption that pretreatment (i.e., prior
to switching) achievement growth is a good predictor of future
achievement growth (Hoxby & Murarka, 2008). Zimmer and
colleagues found the impact estimate for Ohio’s virtual charter
schools was —0.44 SD in mathematics and —0.25 SD in reading.
In a more recent study of virtual charter schools in Ohio, Ahn
and McEachin (2017) found similar results even when disag-
gregating by achievement levels. In elementary and middle
school math, for example, the losses ranged from —0.41 SD for
low achievers (i.e., those in the first tercile) to —0.30 for high
achievers (third tercile). In reading, the effects ranged from
—0.26 to —0.10, respectively. The study also found that virtual
charter school students were less likely than traditional public
students and those in other charter schools to pass Ohio’s gradu-
ation exams.

Unlike most areas of the literature on student outcomes in
charter schools, the research on virtual school student outcomes

presents a consistent picture. Namely, students who switch into
these schools experience negative impacts on their state-
mandated standardized test performance. Despite the consis-
tency of these results, we still know very little about why students
experience these negative outcomes. The NEPC brief by Molnar
et al. (2019) suggests that virtual charter schools nationwide
have larger student-to-teacher ratios than traditional public
schools and that virtual charters run by EMOs have substantially
larger enrollments than those run by CMOs. The extent to
which characteristics of virtual charter school teachers explain
variation in student achievement is essentially unknown. The
results reported in the following seck to contribute to this gap in
the literature by closely examining virtual charter schools run by
EMOs in relation to B&M charter schools operated in the state
of Indiana.

Data and Measures

We used 7 years (2010-2011 school year through 2016-2017)
of longitudinal, student demographic and test score records
from the Indiana Department of Education (IDOE). The
records contain information about students in Grades 3 through
8 attending traditional public, charter, and private schools that
participate in the annual ELA and mathematics assessments of
the Indiana Statewide Testing for Educational Progress Plus
(ISTEP+) program. The ISTEP+ is the state-mandated test for
Indiana students in Grades 3 through 8 and is aligned to the
Indiana Academic Standards. The ISTEP+ tests students each
spring in ELA and math.*

Our primary outcomes of interest are students’ annual ELA
and math ISTEP+ test score levels. We standardized each stu-
dent’s scores by the subject/grade/year mean and standard devia-
tion of all test-taking students statewide. The standardized
measures allow us to draw comparisons, in standard deviation
units, between individuals in different types of charter and tradi-
tional public schools. We focus on these outcomes in Grades 5
through 8 because Grades 3 and 4 can only be used as prebase-
line and baseline years, as we describe in the next section.

We used several student-level demographic and academic
background characteristics reported in the annual IDOE data.
These characteristics include each student’s sex, race/ethnicity,
receipt of FRPL, grade level, English proficiency status, and spe-
cial education status. We recoded each of these variables into
binary indicators. We also constructed binary indicators for
whether a student received an in-school or out-of-school suspen-
sion in a given year as well as whether they were expelled.

The longitudinal records also contain information about stu-
dents’ school of record, including the school name and National
Center for Education Statistics (NCES) unique identification
number. Using the NCES ID, we linked the schools to the
Common Core of Data (CCD), and in addition to our own data
collection, we created two binary indicators of charter school
type: virtual charter school or B&M charter school.

In addition to the student-level data, we also used annual
teacher/classroom-level data provided by the IDOE for a media-
tion and moderation analysis of the main charter effects. These
data were collected beginning in the 2010-2011 school year and
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span through the 2016-2017 school year, the same as our
student-level panel. With these data, we were able to link 93% of
students across all years to their math and ELA teacher of record
in any given year.” Once linked, we incorporated several mea-
sures of teacher background and classroom characteristics into
our analysis, including: number of years of teaching experience,
class size, and dichotomous indicators for a teacher’s sex, com-
pletion of a masters’ degree, prior year employment (current
school, another K—12 school, not in K—12), certification status
(certified vs. uncertified), and whether a class was solo taught
(vs. co-taught or by a computer program—these reference cate-
gories were combined due to small sample sizes).

Sample and Estimation Strategy

Our goal in this article is to estimate impacts of attending
Indiana charter schools on student achievement. This is chal-
lenging given that none of the virtual charter schools and very
few B&M charter schools were oversubscribed and therefore did
not implement enrollment lotteries. Thus, we cannot leverage a
natural experiment as to estimate charter school effects in the
same manner as many previous charter school studies (e.g.,
Abdulkadiroglu et al., 2011; Angrist et al., 2012; Angrist,
Pathak, & Walters, 2013; Clark et al., 2015; Dobbie & Fryer,
2011).

To mitigate selection bias in our estimates of charter school
effects, we used a nonexperimental matching approach that
draws on important lessons from the quasi-experimental design
literature (Cook, Shadish, & Wong, 2008), within-study com-
parisons that use nonexperimental approaches to replicate the
experimental estimates of school choice evaluations (Angrist
et al., 2013; Bifulco, 2012; Dobbie & Fryer, 2013; Fortson
et al., 2014), and the implementation of those lessons in the
nonexperimental evaluation of charter schools (Dobbie & Fryer,
2017) and private school vouchers (Waddington & Berends,
2018). Specifically, we matched students who switch from pub-
lic to charter schools on a finite set of student-level criteria with
their public school peers from the same baseline cohort (school,
grade, year, race/ethnicity, sex, and eligibility for FRPL). Then
we estimated the impact of attending a charter school by
accounting for residual differences in prior achievement and
other baseline characteristics as well as netting out unobserved
differences between matched cells of students. We detail our pro-
cess in the following.

Sample Construction and Description

We implemented several data restrictions prior to constructing
our analytical sample, including requiring each student to have
at least 3 years of test scores (including 2 pretreatment years;
Appendix A available on the journal website). We focused our
analysis on a treatment sample of students moving from tradi-
tional public schools into virtual or B&M charter schools serv-
ing students in Grades 3 through 8 across the state of Indiana.
Nearly two-thirds of all students who moved between public
and charter schools first transitioned from a traditional public
school to a charter school.® From this group, we can more easily
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construct a public school comparison sample for this group of
charter school switchers, as we describe in the following,.

One of the important takeaways from the literature from
which we drew our empirical strategy (see Bifulco, 2012; Cook
et al., 2008; Fortson et al., 2014) is that treatment and compari-
son groups should be constructed from the same geographic
location prior to receiving treatment (i.e., the same public
school). Therefore, we constrained our public school compari-
son sample to include only public school students with the same
grade, year, and school (“cohort”) as a student who left the pub-
lic school to attend a charter school the following year. This also
establishes a baseline year from which we can draw posttreat-
ment comparisons between charter and public school students
after accounting for various pretreatment factors that may have
driven selection into a charter school.

In addition to constraining our comparison sample of public
school students to include only those in the same baseline public
school cohort as charter school switchers, we also exactly
matched charter and public school students on a number of pre-
treatment characteristics. These characteristics included a stu-
dents’ sex, race/ethnicity, and FRPL status in the baseline year.
After exact matching, we then matched charter and public stu-
dents within a caliper of £0.20 SD of their math baseline test
scores (for the math achievement analysis) or ELA baseline test
scores (for the ELA achievement analysis).” We chose to use cali-
per matching on test scores because it is highly unlikely we
would find a public school student to match to a charter school
student with the same demographic characteristics and the exact
same test score. We net out any small remaining differences in
our analytical model by controlling for baseline (and prebase-
line) achievement. Collectively, we refer to the matching of char-
ter and public students within each baseline cohort by sex, race/
ethnicity, baseline FRPL status, and baseline achievement as a
“matching cell.”

We believe that these characteristics further help to explain
why a given student may select into a virtual or B&M charter
school. As we previously stated, there is no random assignment
mechanism for the selection of students into these schools. There
are myriad reasons why a given student may opt for a certain
charter school, including proximity to a charter school, per-
ceived school quality (of either public schools or charter schools),
and a host of other factors. Of particular interest are the charter
school options available to students and families, whether due to
ease of enrollment, physical proximity, or available transporta-
tion (especially bussing) options. Matching on cohort and pre-
treatment school is the best available way to compare students
with similar alternatives to their current school. For example, in
rural settings, students may be more likely to opt for a virtual
charter school rather than a B&M charter school simply because
it is the only viable and cost-free alternative to their local tradi-
tional public school. Or as another example, an African American
student from an urban public school may be more likely to opt
for a specific B&M charter school located within their neighbor-
hood because of the values expressed by that school’s leadership.
We also match by certain background characteristics because
specific types of students from within a given cohort may be
more (or less) likely to switch to a specific charter school based



on these unobserved factors. By comparing students who share
nearly identical baseline characteristics whereby one switches to
a charter school and another remains in a public school, we
believe we have constructed an appropriate counterfactual for
each individual student.

Our analysis takes place “within” each matching cell by incor-
porating matching cell fixed effects to our preferred model.
Thus, we are individually comparing each charter school switcher
to their same sex—race/ethnicity—FRPL status peers from the
same baseline public school cohort, with similar test scores. The
fixed effects help to net out differences between cohorts to
account for unobserved differences in selection into treatment
and subsequent outcomes. Also, each treated student is being
compared with their similar public school peers (the counterfac-
tual) before aggregating these effects by charter school type
(either B&M or virtual). Because we are matching on several
fine-grained characteristics, it is highly unlikely that two stu-
dents who experience different treatments end up in the same
matching cell, thereby reducing concern about our estimates of
multiple treatments being biased.

We opted for this approach of matching charter and public
school students instead of propensity score matching (Rosenbaum
& Rubin, 1983) for several reasons. First, although we chose a
more limited set of criteria, matching directly on a limited set of
variables is more precise. Second, we avoid issues associated with
the propagation of errors generated from the imprecision of the
matching process needing to be carried forward to the estimation
of charter school effects (see Abadie & Imbens, 2016). Third, we
believe the finite set of matching criteria are reasonable for
explaining selection into a charter school, with further unob-
served differences explained by our chosen matching characteris-
tics netted out by the inclusion of fixed effects in our preferred
model. Fourth, we believe this approach has greater empirical
basis to reasonably approximate experimental estimates as
described by Angrist et al. (2013) and Dobbie and Fryer (2013).

To finalize our sample for analysis, we only included charter
students who have a public school peer in their baseline cohort
matched along the other baseline dimensions described previ-
ously. Likewise, we only included public school students that
share these same characteristics at baseline and have a peer who
transfers to a charter school in the subsequent year. Charter
school students can be matched to multiple public school stu-
dents within their cohort. The matching was performed without
replacement, so in the very small number of cases where two
treated students occupy the same cohort, in the same school, and
are similar in all other matching characteristics at baseline, com-
parison students were not matched to multiple treatment stu-
dents. There were three pairs of treatment cases that were exactly
the same on all variables on which we exactly matched and
whose pretreatment scores were within 0.2 SD of one another.
Because matching was done without replacement, one of each
pair of cases was dropped at random. Our analytical sample
includes 1,963 students in four virtual charter schools and 2,222
students in 67 B&M charter schools who could be matched to at
least 1 of 25,713 students in 931 traditional public schools. This
represents a match rate of 81% of eligible charter school students
with teacher data on record who switch from a public school and

represents students drawn from 46% of all traditional public
schools serving students in Grades 3 through 8 statewide. For
each student, we have achievement data from at least 3 years in
at least one subject: prebaseline, baseline, and at least 1 year post-
baseline. Because our approach requires at least 3 successive years
of data, our outcomes are constrained to when students are
enrolled in Grades 5 through 8 given that Grades 3 and 4 can
only serve as prebaseline and baseline years.

We compare the matched versus unmatched charter and pub-
lic school students in Appendix Table Al (available on the jour-
nal website). We can only confidently generalize our findings to
students entering charter schools from traditional public schools
because there are few noticeable differences between our analyti-
cal sample of students and those who consistently attend charter
schools or that were not part of our matched analytical sample
due to exclusion restrictions. Our analytical sample slightly over-
represents virtual charter students who are White, have higher
achievement scores, and are more advantaged. We anticipate this
would positively bias any impacts of attending a virtual charter
school. As we describe in our results, we found a profoundly
negative effect for attending a virtual charter school despite this
overrepresentation. Less advantaged students are slightly over-
represented in the B&M charter student sample, so we antici-
pate any findings would be minimally downward biased.

Estimation Strategy

Although we matched students who switched from public to vir-
tual and B&M charter schools with their peers in their prior
public school, there are still differences between the two groups
at baseline. We only matched students on baseline achievement
within a certain caliper; thus, we had to net out any small
remaining differences in baseline achievement. Furthermore, we
only matched on baseline achievement levels; there may be
divergent pretreatment zrends in achievement between matched
charter and public school students. In addition, student baseline
special education status, English learner status, and experience
with exclusionary discipline were excluded from the matching
procedure because each additional parameter reduced the match-
ing rate. To correct for this, our modeling strategy conditions on
those pretreatment differences between students not already net-
ted out of our estimate due to the matching procedure described
previously.

Main Effect Estimates

Our preferred model is an ordinary least squares regression with
several covariates. We estimated this model for each individual
year posttreatment, resulting in a total of three individual mod-
els to estimate the impacts of virtual and B&M charter schools
on student achievement in the first, second, and third years after
switching to a charter school. In Equation 1, #is fixed at 1, 2, or
3 for each year of estimation, except where otherwise specified.
We also estimated different effects for each subject (math and
ELA) as the outcome in separate models, although the structure
of the equation remained the same. We display the model for the
first-year estimates in Equation 1:
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Here, the achievement level (¥) for each student (7) in matching
cell (¢), grade (g), and postbaseline year (2) is a function attend-
ing a virtual (Virtual,, gt) or brick-and-mortar (B& M i[gt) charter
school as well as a host of other covariates.

In this model, we controlled for a vector of student baseline
academic characteristics (Xifg( t:o)) including baseline classifica-
tion as an English language learner and special education student
and indicators for where these measures were missing. We also
controlled for an indicator of whether a student was suspended
in the baseline year, either in- or out-of-school, and whether the
student was expelled at baseline. Grade fixed effects (6,) account
for systematic differences in exams across grade levels. Matching
cell fixed effects ( T.) account for unobserved differences between
match cells at baseline. These also account for systematic differ-
ences in exams across years because students within each cell take
exams always within the same calendar year posttreatment. The

term V,,, represents cluster-robust standard errors to account for

io
correlatiitn among students within the same baseline public
school cohort given that higher rates of selection into charter
schools may be correlated with a student’s baseline school qual-
ity. This mirrors the preferred clustering approach used by
Dobbie and Fryer (2017) and draws on recent econometric lit-
erature suggesting standard errors should be clustered at the level
at which there may be correlation between subjects in the assign-
ment to treatment (Abadie et al., 2017).

Our preferred model also includes two measures of a student’s
prior achievement in the same subject as the outcome, one at
baseline (Yicg(tzo)) and one prebaseline (Yl,fg(t:_l)). Because
lagged achievement scores are endogenous in"the postbaseline
years, these controls remain as the baseline and prebaseline
achievement measures for our estimates in the second and third
years postbaseline. In Appendix B (available on the journal web-
site), we detailed three alternative model specifications regarding
the inclusion of a student’s prior achievement in addition to a
host of other robustness checks of our main results.

After accounting for these pretreatment achievement differ-
ences between charter and public school students, we describe
the charter school impacts as the value-added achievement gains
(or losses) from baseline. Thus, we define our main estimates as
the difference in the achievement gain (or loss) from baseline in
a given postbaseline year between virtual charter school (f3;) or
B&M charter school (f,) and public school comparison stu-
dents within each matching cell. This estimate will be minimally
biased if we have accounted for all covariates that could explain
differences between the two groups.

By incorporating both baseline and prebaseline achievement,
we mitigate concerns regarding differing pretreatment trends
between charter school and public students. This pretreatment
phenomenon, known in the job-training literature as
“Ashenfelter’s Dip” (Ashenfelter, 1978), suggests that a substan-
tial drop in student performance may be a signal to parents to
have their child change schools. If this were the case, some stu-
dents may be more likely to switch to a charter school than
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others, yielding biased estimates. By accounting for multiple
years of pretreatment achievement in our models, we negate
concerns with pretreatment trend differences between charter
school students and their matched public school peers.

Because we disaggregated results by posttreatment year, we
estimated two additional models, one with baseline achievement
as the outcome and another with prebaseline achievement as the
outcome. These models contained the charter school indicator
as well as the baseline student characteristics, matching cell fixed
effects, grade fixed effects (for the prebaseline model only; these
are collinear in the baseline model with the matching cells), and
cluster-robust standard errors. The estimate on the charter
school indicators show the residual baseline and prebaseline
achievement-level differences between charter school and public
students within each matching cell and indicated level and insig-
nificant differences between both virtual and B&M charter
school students and their public school peers.

Given the insignificant pretreatment differences between
matched charter and public school students, our matching
approach combined with covariate adjustment should produce
internally valid estimates of the effect of switching to a charter
school in Indiana to the degree that the observable factors con-
tained in our approach account for selection on unobservable fac-
tors. We tested the robustness of our main effect estimates
through a series of alternative model and sample specifications, all
described in Appendix B (available on the journal website). Our
approach has improved external validity over studies that rely on
enrollment lotteries because we estimate effects in all charter
schools across the state as opposed to only oversubscribed schools.

Variance Decomposition

The aforementioned analysis demonstrates that on average, stu-
dents attending virtual charter schools fare far worse than they
would have had they remained in traditional public schools.
That said, this finding should not be viewed as consistent for all
students. Examining variation in student performance across
teachers and schools within each sector can shed light on how
consistently students follow the average trends. To do this, we
employed unconditional multilevel models that identify how
much variation in student achievement can be explained by the
clustering of students within teachers and schools. Put another
way, variance decompositions describe how much of the varia-
tion in student performance can be attributed to differences
between teachers within schools and differences between
schools without constraining the description to measured vari-
ables (Jenkins & DiPrete, 2010).

We performed this analysis twice, once with unconditional
hierarchical linear models and once while controlling for pre-
treatment test scores. The former makes no effort to net out
selection into schools and teachers, while the second nets out
some but not all of this selection process. We present the result-
ing intraclass correlations (ICCs), which describe the within-
cluster variance in student achievement as a proportion of the
overall variance. Although instructive, ICCs describe variation
across teachers and schools that cannot be explained using mea-
sured variables and thus should be viewed as a purely descriptive
analysis.



Mediation Analyses With Teacher and Classroom

Characteristics

Virtual schooling represents an entirely unique learning environ-
ment, where daily interactions with teachers have little in com-
mon with that of a B&M school, charter or otherwise.
Nevertheless, there are key differences between the virtual char-
ter and traditional public teacher workforces and especially the
classroom circumstances experienced by students. Similar to
other charter schools, the teachers working in virtual public
schools are less experienced than those working in traditional
public schools (9.5 years in virtual charters vs. 12.9 years in tra-
ditional public) and are less likely to have a master’s degree
(0.325 vs. 0.486). Most strikingly, and unlike in B&M charter
schools, virtual schools have an average classroom size over 4
times that of comparable traditional public schools (100.6 stu-
dents per classroom in virtual charters vs. 23.9). We performed a
mediation analysis for the main results listed previously to iden-
tify whether these differences explain some or all of the negative
effect of attending a virtual charter school.

We measured mediation by incorporating several teacher and
classroom characteristics in our preferred model. The mediation

analysis is displayed in Model 2 in the following:
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This is an extension of Model 1 where we now include a vector
of teacher and classroom characteristics ('I}[gt) as additional
covariates in the model. Collectively, the teacher and classroom
covariates help to explain observable variation at the teacher/
classroom level that may explain virtual or B&M charter school
student outcomes. We specifically look for substantial changes in
the magnitude and statistical significance of the main effect esti-
mates (3, and [3,) to assess mediation.

We also tested for the moderating impacts of these teacher
and classroom characteristics on the main effects of attending a
charter school by including interactions between our main
effects and each teacher characteristic. We theorized that the vir-
tual nature of teacher-student interactions could dampen the
relationship between teaching and schooling characteristics and
student achievement. For instance, it is possible that the virtual
setting prevents teachers from using their experience, and result-
ing skill, to improve instruction. These results were inconclusive;
however, we have provided additional detail on our approach
and describe our findings in Appendix C (available on the jour-
nal website).

Results
Student and Teacher Mean Characteristics

Table 1 provides a general overview of the characteristics of stu-
dents in each of the analytic samples (i.e., math and ELA).
Students who transfer into virtual charter schools tend to come
from more privileged backgrounds than those who switch into
B&M charter schools. White students make up 0.869 of stu-
dents in virtual charter schools, compared to only 0.316 of

students in brick and mortar charters. In addition, 0.545 virtual
charter students qualify for FRPL, compared to 0.762 B&M
charters. Compared to the state population, which is 0.699
White and where 0.473 of students qualify for FRPL, the virtual
school population is more likely to be White but also more likely
to qualify for FRPL.

Relative to the state average of all ISTEP+ test takers (which,
within a given grade level and year, is set to zero), students who
switch into virtual charter schools have slightly lower baseline
math and ELA scores on the magnitude of —0.151 and —0.059
8D, respectively. Students switching into B&M charters do so
with far lower baseline scores in math and ELA (-0.355 and
—0.418 SD, respectively). These differences are nearly eliminated
in the two corresponding comparison groups created by our
matching routine. In both cases, the mean pretreatment scores of
the comparison groups are slightly closer to zero, the overall
mean, than the treatment groups. This is the result of the normal
distribution of test scores: Within each students 0.2 SD caliper,
we would expect there to be more potential matches near the
center of the distribution because there are simply more cases in
that direction. Because both treatment groups have lower than
average scores, the comparison groups have slightly higher aver-
age scores. These differences never exceed 0.06 SD; in addition,
the inclusion of 2 years of pretreatment scores net out any remain-
ing differences in pretreatment performance from the estimates
presented in the following. Posttreatment, virtual charter stu-
dents’ scores decrease to —0.530 SD in math and —0.345 SD in
ELA; B&M charter students experience a less profound decrease
to —0.487 SD in math and increase to —0.373 SD in ELA.

Table 1 also includes descriptive statistics of the teachers in
each of the school types. Teachers in virtual and B&M charter
schools are less likely to have a master’s degree and tend to have
fewer years of experience than those in the traditional public
school (TPS) sample. The most striking difference, however, is
in regard to class size. On average, teachers in virtual charter
schools tend to have 101 students, which is substantially higher
than their counterparts in TPS (24) and treatment students in
traditional public school (TPS) charters (22).

Main Effects of Virtual Charter School Attendance on
Student Achievement

When compared to their matched peers in TPS, on average, stu-
dents who switched from a TPS into one of Indiana’s virtual char-
ter schools experienced large, negative impacts on their student
achievement scores. These changes are described in Table 2 and
illustrated in Figure 1. Given that our analysis makes two distinct
comparisons, the effect of attending either a virtual or B&M char-
ter school compared to attending a TPS, we applied a Bonferroni
correction to all tests of significance. As a result, all critical value
thresholds were halved. In math, virtual switchers saw an average
drop in their test scores of —0.414 SD during the first year after
switching, and the impacts remained negative on average through
Year 2 (-0.481 SD) and Year 3 (-0.500 SD). By comparison, stu-
dents who switched into one of Indiana’s B&M charters experi-
enced small to moderate decreases to their math test scores in Year
1 (-0.068 SD), but by Year 2, the differences were not significantly
different from 0 and remained null in Year 3.
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Table 1
Descriptive Comparison of Matched Analytic Samples

Math Analytic Sample

Virtual Charter

Brick and Mortar Charter

Comparison Treatment Comparison Treatment
ISTEP+ standardized scores
First-year posttreatment math scores —-0.063 -0.530 -0.390 —-0.487
(0.835) (0.960) (0.876) (0.845)
Baseline math scores -0.094 -0.151 —-0.328 —0.355
(0.781) (0.894) (0.786) (0.847)
Pre-baseline math scores -0.084 -0.116 -0.315 —0.350
(0.833) (0.899) (0.851) (0.860)
First-year posttreatment ELA scores -0.052 —-0.345 —0.365 —0.373
(0.872) (0.984) (0.867) (0.865)
Baseline ELA scores -0.089 -0.059 -0.370 -0.418
(0.723) (0.796) (0.704) (0.750)
Pre-baseline ELA scores -0.069 -0.060 -0.349 —-0.382
(0.842) (0.859) (0.773) (0.815)
Baseline student characteristics
White 0.907 0.869 0.336 0.316
African American 0.042 0.048 0.478 0.483
Latino 0.025 0.041 0.166 0.164
Asian/Pacific Islander 0.006 0.007 0.003 0.000
Female 0.574 0.561 0.509 0.503
Free or reduced price lunch 0.516 0.545 0.770 0.762
Limited English proficiency 0.013 0.008 0.103 0.085
Special education 0.125 0.151 0.112 0.095
Received an in-school suspension 0.061 0.043 0.089 0.063
Received an out-of-school suspension 0.063 0.053 0.141 0.250
Expelled 0.001 0.010 0.003 0.005
Teacher/classroom characteristics in first posttreatment year
Class size 23.950 100.649 29.214 22.009
(8.267) (83.265) (30.873) (10.201)
Years of teaching experience 12.858 9.477 11.876 6.163
(10.104) (6.566) (10.423) (6.747)
Master’s degree 0.486 0.325 0.411 0.294
Female 0.679 0.805 0.698 0.734
Solo-taught classroom 0.892 0.894 0.804 0.904
Students 7,492 1,644 4,351 1,511

Note. Cells contain variable means, with standard deviations in parentheses where appropriate. ISTEP+ = Indiana Statewide Testing for Educational Progress Plus; ELA =

English language arts.

The results in ELA reflected a similar trend over time.
Students who switched into a virtual charter school experienced
an initial drop in ELA scores of —0.286 SD, on average, and
these impacts remained negative through Year 2 (-0.264 SD)
and Year 3 (-0.334 SD). Although the magnitudes of these
impacts were less than those observed in math, they still reflect
large decreases within the broader charter school effects litera-
ture described previously. Meanwhile, students who switched
into a B&M charter school experienced no significant changes
to their ELA scores in any of the observed years.

Opverall, then, virtual charter schools in Indiana appear to
have large, negative impacts to student achievement in math and
ELA that are sustained across time, while B&M charters
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generally have small to null effects. The following sections seek
to unpack some of these differences by decomposing the vari-
ance between student, teacher, and school levels and examining
the mediating effects of teacher and classroom characteristics in
these schools.

Variance Decomposition Between Student,

Teacher/Classroom, and School Levels

The decomposition of variance suggests that nearly all of the
variation in virtual student test scores occurred at the teacher
and student levels (see Table 3). That is, when it comes to raw
student achievement, it does not appear to matter which virtual



Table 2
Annual Impacts of Charter School Attendance on Student Achievement

A. Math Achievement

First Year at a Second Year at a Third Year at a

Pre-Baseline Baseline Charter School Charter School Charter School
Virtual charter 0.012 -0.001 -0.414** -0.481*** -0.500***
(0.014) (0.002) (0.025) (0.038) (0.064)
Brick and mortar charter -0.003 0.001 -0.068** -0.018 0.005
(0.018) (0.002) (0.023) (0.025) (0.058)
Baseline covariates Y Y Y Y Y
Baseline and pre-baseline N N Y Y Y
achievement
Grade fixed effects Y N Y Y Y
Matching cell fixed effects Y Y Y Y Y
Observations 17,581 17,581 17.581 7.407 2.829
P .022 .004 199 148 21
B. ELA Achievement
First Year at a Second Year at a Third Year at a

Pre-Baseline Baseline Charter School Charter School Charter School
Virtual charter 0.005 -0.001 -0.286*** —0.264*** —0.334**
(0.014) (0.001) (0.024) (0.047) (0.092)
Brick and mortar charter 0.000 —0.004** 0.005 -0.005 0.026
(0.017) (0.002) (0.026) (0.027) (0.056)
Baseline covariates Y Y Y Y Y
Baseline and pre-baseline N N Y Y Y
achievement
Grade fixed effects Y N Y Y Y
Matching cell fixed effects Y Y Y Y Y
Observations 17,466 17,466 17,466 7,504 2,802
P .018 .003 175 131 104

Note. ISTEP+ math and ELA achievement measured in standard deviation units relative to the Indiana state mean and standard deviation within each grade and year.
Robust standard errors clustered by baseline cohort (year-grade-school) are in parentheses. ISTEP+ = Indiana Statewide Testing for Educational Progress Plus; ELA =

English language arts.

**p<.005. ***p < .0005, after applying Bonferroni correction for multiple comparisons.

charter school a student attended in Indiana but rather, who that
student was assigned as a teacher and other student-level factors.
For example, the school-level ICC for virtual charters was 0.02
in math, which indicates that only 2% of the total variation in
student test scores can be attributed to the school level. This is
notably different than the school-level ICCs for TPSs and B&M
charters, which were 21% and 11%, respectively. Meanwhile,
13% of the variation in the virtual student test scores was attrib-
uted to the teacher/classroom level, compared to 20% in TPSs
and 10% in B&M charters. The ICCs in ELA followed a similar
pattern. Once again, little of the total variation in virtual student
outcomes was explained at the school level (4%) compared to
TPSs (20%) and B&M charters (8%). A larger proportion of the
variation was explained at the teacher/classroom level (6%) but
still less so than TPSs (14%) and B&M charters (7%).

While useful, the unconditional ICCs do not account for
selection into schools and to different teachers (see Jenkins &
DiPrete, 2010). To adjust for this, we include conditional ICCs,
which include lagged student scores as a student-level control.

Sorting accounts for much of the between-school and teacher
variation in student achievement, especially in traditional public
schools. However, in both ELA and math across both ICC esti-
mation strategies, it is consistently the case that teachers account
for less of the variation in student performance in virtual char-
ters compared to both TPS and B&M charters. This suggests
that the virtual teaching format allows for less variation in
instruction quality and that there is far more variation in student
achievement due to teacher differences in both traditional public
schools and B&M charter schools compared to virtual charter
schools.

Mediation Analysis of Teacher and Classroom
Characteristics

Given that we find less variation in teacher effects in the virtual
charter context, it stands to reason that sector-level differences in
teacher and classroom characteristics could explain the negative
impact of virtual charter schools on student achievement. The
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FIGURE 1. Annual effect of virtual charter school attendance.
Note. Each point represents the virtual charter coefficient from a distinct model from Table 2. Timeline = 0 corresponds to the

baseline year. The 97.5% confidence intervals are displayed in accordance with the Bonferroni adjustment.

following mediation analysis aims to identify what proportion of
our main finding is driven by various teacher and classroom
characteristics. The main findings for models that include
teacher and classroom characteristics can be interpreted as the
effect of virtual and B&M charter schools net of differences in
teacher and classroom characteristics. Any reduction in the main
effect can be viewed as the portion of the relationship of interest
explained by available teacher and classroom characteristics. We
display the results of the mediation analysis for math and ELA
outcomes across 3 years in Table 4.

In both ELA and math, we found that after accounting for
teacher and classroom characteristics, the negative impacts of
switching to a virtual charter school still remained large, nega-
tive, and statistically significant despite being somewhat reduced.
Specifically, the inclusion of teaching characteristics reduces the
effect of attending a virtual charter by between 0% and 17%.
Teaching characteristics explain far more of the virtual schooling
effect on ELA achievement—the inclusion of teaching charac-
teristics reduces the virtual charter coefficient by between 22%
and 53% across 3 years. This indicates that the overall lower
qualifications and higher student-teacher ratio of virtual charter
teachers compared to traditional public teachers does explain
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some of the negative impact, yet the majority of this negative
effect remains unexplained.

Discussion

This study builds on a growing body of research that examines
heterogeneity within the charter school sector by focusing on vir-
tual charter schools operated by EMOs in Indiana. By making use
of longitudinal administrative records in Indiana, we were able to
estimate the effects of virtual and brick-and-mortar charter schools
on elementary and middle school students’ achievement over
time. The results for virtual EMOs and brick-and-mortar charters
were distinct. Notably, students who switched to virtual charter
schools experienced large, negative effects in math and ELA that
were sustained across time. These effects were consistently of mag-
nitude that warrants serious concern and further investigation.
At first glance, virtual charter schools offer students and their
families the ability to tailor learning experiences to specialized
needs. For instance, some students may desire a different pace
than a classroom that is standardized to students at a certain level
of ability. Indeed, a study conducted by Mathematica Policy
Research (Gill et al., 2015) found that virtual charter schools



Table 3
Intraclass Correlations Within Teachers and Students by Public School Type

A. Math Achievement

Unconditional

Conditional

Traditional Brick and Mortar  Traditional Brick and Mortar
Public Virtual Charter Charter Public Virtual Charter Charter
School ICC 0.212 0.020 0.108 0.074 0.033 0.118
Unique teacher ICC 0.201 0.130 0.104 0.149 0.021 0.123
N schools 769 4 769 4 63
Nteachers 3,396 74 3,396 74 415
N students 13,938 1,651 1,720 13,938 1,651 1,720
B. ELA Achievement
Unconditional Conditional
Traditional Brick and Mortar  Traditional Brick and Mortar
Public Virtual Charter Charter Public Virtual Charter Charter
School ICC 0.201 0.035 0.075 0.040 0.060 0.056
Unique teacher ICC 0.142 0.058 0.072 0.052 0.022 0.043
N schools 764 4 764 4 64
Nteachers 3,814 56 3,814 56 413
N students 13,904 1,677 1,722 13,904 1,677 1,722

Note. The ICCs listed were derived from random effects models of student tests scores from the first year postireatment. Year and grade fixed effects are included in all
models, and the conditional model included a control for pretreatment test score. ICC = intraclass correlations; ELA = English language arts.

rely heavily on student-driven independent study and that
they rarely experience teacher-guided synchronous instruction
(median hours per week for fourth and seventh graders was 4
and 3 hours, respectively). However, if such advantages are avail-
able to students in virtual charters, there is no evidence that the
benefits transfer into gains on student test scores. To the con-
trary, we find that virtual charter schools have a substantial nega-
tive impact on achievement for students in Indiana at magnitudes
that are consistent with prior studies in Ohio (Ahn & McEachin,
2017; Zimmer et al., 2009) and across a broader sample of states
(CREDO, 2015, 2019a, 2019b, 2019c). Furthermore, a recent
public report by the IDOE reveals that the poor performance of
virtual charter schools is not limited to test scores—among high
school students, virtual charter schools have among the lowest
graduation rates in the state, ranging from 2% to 59% of stu-
dents (Indiana Department of Education, 2018).

For some parents, these negative outcomes may offset the
benefits they receive from the autonomy afforded by virtual
charter schools. Perhaps parents and children who chose virtual
charter schools place a particular emphasis on autonomy or view
their alternative schooling options as objectionable. We also
should not discount the possibility that one benefit that families
see in virtual schooling is the low risk of bullying or other con-
cerns related to school safety. However, it is noteworthy that any
systematic benefit that students experience from either an
increase in autonomy or a decrease in physical or emotional
threats they would face in their alternative school environment
would bias our results toward zero. We encourage future work

on why families choose these schools and encourage efforts to
eliminate any factor that “pushes” families to choose virtual
schooling if they otherwise would not prefer it. That said, infor-
mation about the poor performance of these schools should be
available to families considering them.

From a public policy perspective, virtual charter schools are
not translating public investment into outcomes that are consis-
tent with the mandate of state and federal education policies (see
Orfield, 2014). Indeed, the trace amount of variation in student
performance at the school level suggests that the entire virtual
subsector in Indiana is performing well below expectations. This
is especially concerning given the for-profit nature of these vir-
tual charter operators because these low-performing virtual
schools continue to represent profitable ventures for investors at
the taxpayers’ expense. While the poor performance of these
schools is no secret, with all virtual charter schools receiving an
F rating from the IDOE in 2017 (Lindsay, 2018), their enroll-
ment continues to increase. Perhaps this is due to the ability of
virtual charter school operators to spend considerable sums lob-
bying state policymakers (Cavazos, 2019).

Ostensibly, authorizers are supposed to hold management
organizations accountable to the learning objectives set forth in
the charter. Yet, the findings from our study suggest a failure in
the process by which virtual charter schools in Indiana are autho-
rized and reauthorized. A report published by the Education
Research Alliance for New Orleans (Bross & Harris, 2016) sug-
gests that in New Orleans, positive test score performance is pre-
dictive of reauthorization. However, the authors caution that the
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Table 4
Mediating Impacts of Teacher Traits

A. Math Achievement

First Year at a Charter School Second Year at a Charter School Third Year at a Charter School

Virtual charter —0.414* -0.396*** -0.481*** -0.401** —0.500*** —0.499**
(0.025) (0.034) (0.038) (0.073) (0.064) (0.150)
Brick and mortar charter —0.068** —-0.065** -0.018 -0.015 0.005 —0.005
(0.023) (0.022) (0.025) (0.026) (0.058) (0.057)
Master’s degree 0.012 -0.006 0.023
(0.011) (0.020) (0.033)
Class size (x10) -0.000 -0.000 0.000
(0.000) (0.000) (0.000)
Years of teaching 0.001* 0.003 0.001
experience (0.001) (0.001) (0.002)
Female 0.002 0.078* 0.034
(0.011) (0.023) (0.032)
Solo-taught classroom 0.036 0.025 0.165**
(0.018) (0.029) (0.045)
Observations 17,581 17,581 7,407 7,407 2,829 2,829
P 199 .201 148 154 21 131
Virtual coefficient change —4% —17% 0%

B. ELA Achievement

First Year at a Charter School

Second Year at a Charter School

Third Year at a Charter School

Virtual charter —0.286*** —0.222*** —0.264*** -0.162** -0.334** —-0.157
(0.024) (0.027) (0.047) (0.055) (0.092) (0.175)
Brick and mortar charter 0.005 0.016 -0.005 0.006 0.026 0.018
(0.026) (0.025) (0.027) (0.028) (0.056) (0.061)
Master’s degree 0.003 0.001 —-0.028
(0.013) (0.019) (0.033)
Class size (X 10) —0.000** -0.000* -0.000
(0.000) (0.000) (0.000)
Years of teaching 0.002** 0.002 0.001
experience (0.001) (0.001) (0.001)
Female -0.011 0.018 0.011
(0.012) (0.025) (0.048)
Solo-taught classroom -0.007 -0.037 -0.021
(0.018) (0.035) (0.045)
Observations 17,466 17,466 7,504 7,504 2,802 2,802
P 175 178 131 133 104 .106
Virtual coefficient change —22% -39% -53%

Note. ISTEP+ math and ELA achievement measured in standard deviation units relative to the Indiana state mean and standard deviation within each grade and year.

Robust standard errors clustered by baseline cohort (year-grade-school) are in parentheses. All models include baseline covariates, baseline and pre-baseline achievement,
grade fixed effects, and matching cell fixed effects. ELA = English language arts; ISTEP+ = Indiana Statewide Testing for Educational Progress Plus.
*p<.025. **p <.005. ***p < .0005, after applying Bonferroni correction for multiple comparisons.

policy context in New Orleans is unique, and thus these findings
cannot be inferred to other states such as Indiana. Yet, even if, on
average, positive school performance is a driving factor behind
reauthorization, it is clear that virtual charter schools in states
across the country are the exception. Future research should
examine the reauthorization process for virtual charters to better
inform policymakers of ways to hold these management organi-
zations accountable.

Aside from expanding the growing body of evidence concern-
ing the negative effects of virtual charter schools, our study

172 | EDUCATIONAL RESEARCHER

contributed a first glance at the extent to which the characteristics
of teachers and classrooms in these schools impact student
achievement. Overall, we found modest evidence that the nega-
tive impacts of virtual charter schools could be attributed to
observable characteristics of teachers. Because the effects of
teacher degrees and experience on student achievement have had
mixed effects on student achievement, this finding may not be
surprising (e.g., Clotfelter, Ladd, & Vigdor, 2007; Harris &
Sass, 2011; Rivkin, Hanushek, & Kain, 2005). However, because
we found the context (i.e., class size) varied significantly among



virtual charters, TPS, and B&M charter teachers, we would have
expected this social context to matter more (Kelly, Podgodzinski,
& Zhang, 2018).

It is also possible that discussing classroom characteristics in a
study of virtual charter schools reflects out-of-date thinking,
given the typical understanding of the term classroom could be
meaningless in the context of virtual schooling. After all, there
are no rooms in which class takes place. This could explain why
the vastly higher classroom size in virtual charter schools matters
less than expected. This raises a wider question of how to con-
ceptualize the structure of schooling when physical structures
play no role. On the other hand, it could be that physical prox-
imity is an essential ingredient to effective schooling. Although
we do not assume that the failure of virtual schools in this setting
indicates that they can never succeed, we also cannot entirely
discount the idea that the virtual nature of these schools is inher-
ently limiting. While prior research focusing on online courses
offered in traditional public schools suggests that such courses
can have a positive impact on student learning (Hart et al., 2019;
Means et al., 2013), the literature on full-time virtual schools is
far less optimistic (Molnar et al., 2019).

Given that virtual schooling represents a profoundly diver-
gent setting for learning to take place, it is perhaps unsurprising
that available data on teachers, classrooms, and schools failed to
explain the negative effect of attending a virtual charter school.
The administrative data used in the current study were collected
by the state for the purpose of analyzing school performance, but
the array of variables collected was decided on before virtual
charter schools were present in the state. We expect that alterna-
tive variables, especially time on schooling and time on instruc-
tion, would explain a substantial portion of the negative effect of
attending a virtual charter school. Given that software mediates
virtual schooling, collecting information on the amount of time
students spend on schooling tasks should not be difficult and is
likely already collected by the companies that operate virtual
charter schools. In addition, we currently do not have informa-
tion on either the pedagogical practices of virtual schools or how
they introduce students to the virtual school setting. We strongly
recommend that researchers in the future collect data on student
orientation to virtual schools, time spent on schooling, and
instructional practices that would help to contextualize our vir-
tual charter school findings.

In exploring the heterogeneity among charter operators,
researchers have only scratched the surface of understanding the
conditions through which charter schools impact student out-
comes (Berends, 2015, 2020; Berends & Waddington, 2019). In
addition to heterogeneity in the main effects of student achieve-
ment, it is also a policy imperative to estimate whether certain
types of charter schools ameliorate gaps between racial and socio-
economic groups. The focus on gaps is important because one of
the stated objectives of charter schools as a reform strategy is to
offset the relative disadvantages that low-income students and stu-
dents of color experience by being constrained to their neighbor-
hood schools. Thus, in future research, we intend to estimate
whether different types of charters are more or less effective at
ameliorating gaps that have persisted in traditional public schools
for decades.
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"The Indianapolis Mayor’s Office is one of the only authorizers in
the country that involves a consolidated city’s executive, though a recent
charter law in Kentucky allows the mayors of Lexington and Louisville
to authorize charter schools.

2One of the four virtual charter schools in Indiana, Indiana
Cyber Charter School, operated as a hybrid school (i.e., time spent in
both brick and mortar and online settings). This school closed after
the 20142015 school year due to financial mismanagement. We cat-
egorized it as a virtual school due to online instruction comprising a
substantial proportion of the student’s time. Although an analysis of
hybrid schooling would be valuable, the existence of only a single school
known to have had serious financial issues means that generalizing the
findings of such a study would be impossible.

3The first virtual charter school opened in Indiana during the
2009-2010 school year as a pilot program. A new one, Insight School
of Indiana, opened prior to the 2016-2017 school year as an offshoot
of an existing virtual charter school, Hoosier Academy Virtual Charter
School.

“The Indiana Statewide Testing for Educational Progress Plus
(ISTEP+) is vertically equated across grades and consists of multiple-
choice, constructed-response, and extended-response items scored using
item response theory methods. Reliability coefficients range from .88
to .94 in English language arts (ELA) and .88 to .95 in math (Indiana
Department of Education, 2011). Schools can administer the multiple-
choice section online.

’In the elementary grade levels (i.e., 3-5), students most often
have the same teacher for all subjects. In the middle grade levels (i.e.
6-8), students often have subject-specific teachers. This is common for
all types of schools, whether virtual charter, brick and mortar charter,
or traditional public.

We omitted students transitioning from an Indiana private school
into a charter school. Only 10% of students who switch into charter
schools between Grades 3 and 8 transition from private schools.

"By matching students separately by subject, we have in effect cre-
ated two different analytical samples: one for the math analysis and one
for the ELA analysis. We could have required that students be matched
within the caliper on both subjects, therefore creating a consistent sam-
ple between the math and ELA analyses. However, we chose to match
separately by subject to avoid a further 10 percentage point reduction
in the analytical sample of charter school students. In addition, there are
no meaningful differences between the math and ELA analysis samples.
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