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Executive Summary
The COVID-19 pandemic imposed unprecedented challenges to schools across Indi-

ana. On March 19, 2020, schools closed—temporarily at first, then through the end of 
the 2019-2020 academic year. Thus, students attended classes across several instructional 
modes for roughly 10 weeks of that year. Scheduled standardized testing (ILEARN and 
ISTEP+) was cancelled for 2020. 

The 2020-2021 school year also imposed significant pandemic-related challenges on 
students. Some corporations taught remote classes throughout the year, while others 
remained almost fully opened. More commonly, schools closed during periods of heavy 
COVID transmission, transitioned to remote teaching, or engaged in some hybrid 
instruction. The hybrid instruction was likely implemented differently across schools; one 
common example would be for half of students to attend classes on a given day, and the 
other half on another. This split allowed for social distancing in the classroom. Of course, 
individual students missed classes due to isolation after contracting the disease, or due to 
quarantine following exposure to an affected student. There can be zero doubt that these 
disruptions affected student learning.

This study examines the causes of learning loss in Indiana’s public schools, using the 
change in ILEARN test scores from Spring 2019 to Spring 2021 as a measure of learning. 
This is an aggregate, school-level study that tests the effects of poverty, school size and 
type, student demographics, the instructional modes used during COVID in 2020-2021, 
the 2019 pass rates and changes to student body size during the pandemic. 
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Key Findings
We have two major findings and several ‘non-findings’ that are 

important to Hoosier families and policymakers as they wrestle 
with the forces that affect student learning in the wake of the 
COVID-19 pandemic.

We found that only two factors explain the bulk of learning 
loss that occurred from 2019 to 2021, which we characterize as 
COVID learning loss. During this period, the level of poverty in 
a school (as measured by the share of students eligible for free or 
reduced price lunch) was the single strongest correlate of learn-
ing loss. This is wholly unsurprising, as it reflects the single most 
repeated finding in education research regarding test scores and 
risks to learning loss.

We also found a negative relationship between test scores and 
initial levels of student pass rates in 2019. Schools that did better 
in 2019 experienced greater learning loss by 2021. We attribute 
this to the limited personalized instruction for students whose 
performance was at the margin of passing scores. This is an 
encouraging result, in that it may identify the elements of instruc-
tion that would lead to higher pass rates.

This study also finds several factors do not explain school-level 
variation in learning loss. We find no robust evidence that student 
race/ethnicity plays a role in aggregate learning loss, nor do we find 
evidence that school type, size, or share of English Language Learn-
ers (ELL) or special education students plays a role in learning loss 
differences among schools. These latter two variables are important 
because there is significant variation in ELL and special education 
offerings across schools. We did not test gender differences; there is 
too little variation to be statistically meaningful. 

Perhaps our most important finding is that instructional mode 
played no role in learning loss between schools. So, the average 
learning loss in schools was uncorrelated with the share of in-
person, hybrid or virtual instruction. This is likely attributed to 
schools making direct trade-offs between instructional loss due to 
instructional mode (which is observable in these data) and losses 
due to quarantine and isolation of students and teachers (which is 
not reported). Were these two considerations balanced poorly on 
average, we should expect correlation between learning loss and 
instruction mode. We do not, which suggests schools have been 
balancing these concerns effectively. This, too, is a very encourag-
ing policy finding that suggests these decisions remain optimally 
performed at the corporation or school level. 

This final result is important because it provides some con-
temporary policy feedback to school boards and administrators 
wrestling with decisions regarding instructional modes for the 
2021-2022 school year. Our findings suggest that the balancing 
protocols used in the 2020-2021 school year are likely optimal, in 
the sense that some other mix of instructional modes would not 
have resulted in lower learning losses.

Background
The COVID-19 pandemic imposed unprecedented challenges 

on schools across Indiana. On March 19, 2020, schools were 
closed, first temporarily, then through the end of the 2019-2020 
academic year. Thus, students had classes across several instruc-
tional modes for roughly 10 weeks of that year. Scheduled stan-
dardized testing (ILEARN and ISTEP+) was cancelled for 2020. 

The 2020-2021 school year also imposed significant pandemic-
related challenges on students. Some corporations taught remote 
classes throughout the year, while others remained almost fully 
opened. More commonly, schools closed during periods of 
heavy COVID transmission, transitioned to remote teaching, 
or engaged in some hybrid instruction. The hybrid instruction 
was likely implemented differently across schools; one common 
example would be for half of students to attend classes on a given 
day, and the other half on another. This allowed for social distanc-
ing in the classroom. Of course, individual students missed classes 
due to isolation after contracting the disease, or due to quarantine 
following exposure to an affected student. 

There can be zero doubt that these disruptions affected student 
learning. While it is certain some students thrived in remote 
classes, the typical student in Indiana (like much of the nation) 
faced significant instructional hurdles, even if they were person-
ally untouched by the pandemic. As of early August 2021, the 
Indiana Department of Health reported that 82,000 Hoosier chil-
dren age 5 through 17 tested positive for COVID-19. This figure 
is roughly one full grade-worth of students statewide. 
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On July 14, 2021, the Indiana Department of Education 
released the 2021 ILEARN and ISTEP+ test scores. As expected, 
these scores were lower than the pre-COVID scores from 2019. 
In the data released by IDOE, 90.2 percent of the 1,773 schools 
reporting ILEARN scores in 2019 and 2021 saw declining per-
formance. The bulk of schools had test scores that were 4.0 to 19 
percent lower in 2021 than in 2019. See Figure 1. 

In its announcement, the IDOE provided summary statistics 
of test scores, including performance by grade, race/ethnicity, 
gender, and other analysis pertaining to the 2021 ILEARN 
and ISTEP+ testing. IDOE also outlined a forthcoming report 
designed to provide policy guidance regarding mitigation of 
learning losses. Such a prescriptive work will doubtless be very 
useful in understanding the type and resourcing of efforts to 
improve learning outcome for students. However, there are 
other compelling policy interests that cannot be discerned 
from summary statistics or comparisons of raw group test 
performance. 

This study is designed to assess the aggregate effects of learning 
loss as measured by changes in standardized test scores between 
2019 (pre-pandemic) and 2021. In so doing, we examine each 
grade in each school to better assess the characteristics of schools 
that contributed to differences in learning losses. Considerations 
include school size and enrollment, baseline performance, and 
student demographics. Importantly, we also test the effect of 
COVID mitigation efforts through the share of time schools 
spent in hybrid or virtual learning during the year. The method 
of analysis we use improves upon raw group comparisons. Group 
comparisons, such as those provided by IDOE on July 14, offer 
limited information about the nature or distribution of learning 
losses and should not be relied upon in the development of policy. 

We proceed with a short technical description of our work, 
then describe the modeling results. We briefly discuss limitations 
on the design and measurement; much of the technical detail is 
left to the appendix. We then discuss the results of our model by 
grade level for English/Language Arts (ELA), mathematics, and 
combined test scores. We end with a summary and conclusions. 

Figure 1. Distribution of Learning Loss 2019-2021, 
ILEARN Performance for All Schools
Source: Indiana Dept. of Education
Note: Data using combined ILEARN scores for English/Language Arts and 
mathematics in all grade levels. Red denotes declining performance; green 
denotes improved performance.

0 50 100 150 200 250

0 50 100 150 200 250

[ > 0%]
[-1%, 0%]

[-4%, -1%]
[-7%, -4%]

[-10%, -7%]
[-13%, -10%]
[-16%, -13%]
[-19%, -16%]
[-22%, -19%]
[-25%, -22%]
[-28%, -25%]
[-31%, -28%]
[-34%, -31%]
[-37%, -34%]
[-40%, -37%]
[-43%, -40%]
[-46%, -43%]
[-49%, -46%]
[-52%, -49%]
[-55%, -52%]
[-58%, -55%]
[-61%, -58%]
[-64%, -61%]
[-67%, -64%]
[-70%, -67%]
[-73%, -70%]
[-76%, -73%]
[-79%, -76%]
[-82%, -79%]

Number of Schools

Pe
rc

en
t C

ha
ng

e 
in

 IL
EA

RN
 P

er
fo

rm
an

ce
, 2

01
9–

20
21

PERFORMANCE
 RANGE

Declining Performance

Improved Performance

Sidebar 1. About ILEARN and ISTEP+ Standardized Tests
ILEARN (Indiana Learning Evaluation Assessment 
Readiness Network) is the computer-adaptive 
statewide assessment for Indiana students in 
3rd-8th and 10th grade. ILEARN measures student 
achievement and growth according to the Indiana 
Department of Education’s Academic Standards for 
English/Language Arts (ELA) and mathematics. 

Note: Some grade levels also assess ILEARN 
performance in science or social studies. ELA 
and math were the only ILEARN assessments 
considered by the authors in this study.

ISTEP+ (Indiana Statewide Testing for Educational 
Progress Plus) is a standardized test for Indiana 
students in 3rd-8th and 10th grade. The 10th grade 
ISTEP+ also serves as the Graduation Qualifying 
Exam (GQE). In the 2016-17 school year, the English 
10 and Algebra I end-of-course assessments were 
replaced with English/Language Arts (ELA) and 
mathematics assessments. 

ISTEP was implemented in 1987-88 as the state’s 
first standardized test using a performance-based 
approach to determine best practices in K-12 public 
education. The state switched to ILEARN, in 2018-19.

Sources:

Goodwin, David. 2012 (Nov. 26). A little ISTEP history. 
KPC News. Originally published Feb. 28, 2006. 
https://www.kpcnews.com/article_3d3c2f6a-
d077-5262-b610-62605d3229b9.html 

Indiana Dept. of Education. n.d. IDOE Website. 
https://www.in.gov/doe 

Indiana School Counselor Association. n.d. 
Counselor1Stop. https://counselor1stop.org/wiki/
istep/
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Modeling Approach
The Indiana Department of Education provides considerable 

school-level data on test scores, enrollment, and the number of 
students taking each test in each grade. These include the ILEARN 
and ISTEP+, along with end-of-course assessments in Biology, 
Algebra I, and English/Language Arts (ELA). We focus on only the 
ILEARN, ELA, mathematics and combined pass rates in Grades 
3-8, acknowledging the value of these other assessments. 

The modeling approach we use evaluates a nearly complete 
range of available school data to understand the effects of differ-
ent variables on schoolwide performance. This is not a study of 
individual students, which would be a better but far costlier in 
time and other resources to perform. The benefit of this type of 
analysis is that it allows us to examine each separate explanation 
for test score changes while controlling for all others. That is why 
this analytical method largely replaced the group comparison 
approach over the past half century. 

For example, a raw comparison of test scores might report that 
individual racial/ethnic groups experienced different outcomes. 
Likewise, a comparison of students living in poverty to those 
who are not also reveals differences. A third comparison might be 
across the size of schools, with perhaps larger schools facing lower 
learning losses. Comparisons across these categories offer a naïve 
understanding of what factors might contribute to learning losses. 

Every student has all three of these characteristics, and every 
school has a mix of students by race/ethnicity and poverty. Every 
Indiana school differs in size. Reporting these characteristics indi-
vidually tells us nothing about which of these factors contributes 
to learning loss. By combining these characteristics into a single 
model, we can determine whether race/ethnicity, or poverty, or 
school size contributes to learning loss, while controlling for all 
three characteristics. This allows us to isolate what does and, just 
as importantly, does not contribute to learning loss. Raw group 
comparisons cannot do so, and thus yield potentially poor answers 
to key concerns about the types, sources, and remedies for different 
types of learning losses. 

Our model estimates learning loss from 2019 to 2021 for each 
grade, across the ELA, math, and combined test pass rates for 
each school. We use data on school size, poverty rates (based on 
eligibility for free or reduced-price lunch), share of students in 
special education, share of students who are English Language 
Learners (ELL), share of minority race/ethnicity, the type of 
school (elementary only, or combined elementary-middle, or 
middle-high school), and the type of instruction during the 2020-
2021 school year (hybrid, virtual, in person). We also include the 
change in the number of students taking the test in a school and 
the initial year test score (2019). 

Our modeling approach allows us to identify the unique con-
tribution of each of these characteristics on learning loss, when 

controlling for all others. This model requires us to make some 
assumptions, which we test to determine the fidelity of the results. 

Learning loss is not a normal distribution, nor does it follow 
other commonly understood distributions. It displays sufficient 
characteristics of a continuous random variable, and our results 
are largely indifferent across different estimation techniques (least 
squares, maximum likelihood or general linear modeling, or limited 
dependent variable modeling techniques). These methods employ 
different assumptions about distribution which do affect the mag-
nitude, but not the statistical certainty of the model results. 

We cluster our standard errors at the school corporation level, 
though other methods of dealing with non-spherical error terms 
yield nearly identical results in both magnitude and statistical 
certainty. Several of our variables are linear combinations of one 
another, such as race/ethnicity, school type, and instructional 
mode, which precludes jointly testing these hypotheses. For 
example, we cannot include the share of virtual, hybrid, and in-
person instruction because these shares always sum to 100 percent 
for each reporting school. Thus, we must omit one or more of 
each linear combination. This does not affect our results because 
we can rotate the chosen variables to determine which matter. We 
discuss this in our results section. 

To consider race/ethnicity and school type, we test for each 
variable but present results omitting the smaller categories. This 
was important primarily for race/ethnicity, as these data are sup-
pressed for confidentiality in some schools due to small numbers. 
In only one instance did we feel this needed more explanation, 
and we do so in the results section. 

The test score measures are imperfect, and it is important to 
consider what we mean by learning loss in this context. There can 
be differences in the tests between years, but that is accounted for in 
our model through the intercept term. And, the same students are 
mostly not taking tests between years for the same grade. Our model 
cannot say clearly whether learning loss is due to actual degradation 
of understanding or whether or not material was not presented to 
students due to mode of delivery. We can speak partially to this with 
our mode of instruction results but cannot be conclusive about it. 
We leave that to another study team. 

Test scores do not represent all learning, but they are used to assess 
learning. Thus, statistically meaningful changes from year to year do 
tell us something about the results of COVID. We remind readers 
that over the past 18 months, the U.S. has seen the single largest loss 
of employment and economic activity, the worst pandemic in the 
nation’s history, and significant disruptions to modes of learning, 
along with significant disease spread (i.e., roughly one in 11 students 
contracted COVID). It would be stunning, perhaps unthinkable, 
that these events would not affect learning. 
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Our model cannot speak to many things that might matter to 
policymakers, such as whether or not Indiana did better or worse 
than other states. What we do know is simply what factors con-
tributed to learning loss at the school level. Given the concern over 
school policies regarding instruction, and the information already 
released, our results surprised and encouraged us. We present these 
findings individually and summarize them at the end. 

Data and Results
Indiana’s English/Language Arts (ELA) and mathematics tests are 

administered annually to students in Grades 3-8. School-level data 
on student outcomes are reported across four categories—below 
proficiency, approaching proficiency, at proficiency, and above 
proficiency. We use data on traditional public schools and charter 
schools, and aggregate the percentage of students reported as at 
proficiency and above proficiency, and use this as the metric of 
interest for each grade level.[1] We refer to this measure as the share 
of students who pass the standardized test. There is also a share 
reported for those who pass both ELA and math. IDOE performs 
some data cleansing, such as excluding students who have attended 
fewer than 162 days of school and some make-up exams. 

Learning loss is measured as the difference between the school 
passing rate for that grade in 2019 and 2021. So, we compare how 
well students performed in each grade level and type of school, not 
the same students over time. As IDOE suggests, comparing test 
scores from year to year using raw measures of performance is not 
productive. However, in the type of statistical model we use, any 
difference in common aggregate pass rates is controlled for by the 
error term and common intercept. Thus, comparisons are readily 
made between these grade levels before and after COVID.

The appendix reports the technical model results; we focus here 
on interpreting this work in a policy context. We begin by infor-
mally explaining what we mean by statistical significance. In this 
model there are 16 variables, each with its own hypothesis test. 
We test four different types of statistical modeling approaches, 
each of which is sensitive to assumptions about the distribution of 
the dependent variable (learning loss). We report only those using 
the least squares method. Statistical significance traditionally 
reflects the likelihood that an outcome could only occur through 
chance in 10 percent of cases. 

To counter this in studies with large numbers of estimates, we 
focus on the reoccurrence of strong statistical significance across 
several estimations (one per grade for ELA, mathematics, and 
combined pass rates). In the case of explaining learning loss in 
ELA scores, two variables consistently matter across all grades. 
Both variables were statistically significant across five different 
statistical models, which each use different assumptions regarding 

the distributional characteristics of the dependent variable and 
resulting random error term. 

We have great confidence in the two variables that best explain 
learning loss—our measure of poverty (i.e., share of students 
eligible for free or reduced-price lunch) and the ILEARN pass 
rate in 2019. Both signs are negative, which means that higher 
rates of poverty are correlated with learning loss in each grade and 
combined scores. Similarly, higher-performing schools in 2019 
saw higher learning losses, as measured in the share of students 
passing each portion of the ILEARN test.

Every other demographic or school characteristic variable was 
statistically significant in one or more of these models. However, 
the sporadic nature of them suggests low confidence in these 
variables as contributors to learning loss. Particularly, when there 
are very strong causal arguments for both poverty and initial test 
scores, and far less for the other variables. We will review much of 
this in the discussion and summary section. 

What seems not to matter is important as well, particularly in 
light of the IDOE presentation that reported raw score summa-
ries by demographic characteristics. 

First, we find that school level differences in race/ethnicity is 
not a causal factor in learning loss. In the two grades where race/
ethnicity was statistically significant, this appears to be a statistical 
artifact. Multivariate models cannot be solved when two or more 
explanatory variables are linear combinations of one another; 
thus, we must omit one or more demographic categories in each 
estimation. In this case, we chose to omit the variables reporting 
the share of students who are of Native American or Hawaiian/
Pacific Islander ethnicity. These are the two smallest categories, 
and because of privacy considerations are not reported for many 
schools. When we replace another category with these measures, 
the statistical significance of the other racial categories disappears. 
Thus, it is likely that one or more schools with a disproportion-
ately large share of these students affects the results. Interestingly, 
these students did better on the ELA (and other sections) since 
the coefficients for white, African American, Asian, Hispanic, and 
multiracial students are all negative. 

1. Private schools are not included in the analysis due to data limitations.
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Our results make clear that IDOE conclusions about perfor-
mance differences by race are mistaken. When we control for 
other contributing factors, racial/ethnic differences between 
schools does not explain variation in learning loss. This of course 
does not mean that different racial/ethnic groups experience 
learning loss at different rates, simply that some other correlated 
factors (such as poverty) is the causal mechanism. 

We do not include gender, since variation in gender by school is 
trivial, and could be wholly dominated by a single outlier. Gender 
differences in learning loss likely do not correlate with other vari-
ables in aggregate or individual data (such as poverty). There is no 
evidence of differences in childhood poverty by gender, thus use of 
raw comparisons by gender to identify learning loss are appropriate. 

Other factors appear not to affect learning loss. School size 
(total enrollment), the share of students who are English Language 
Learners (ELL) and the share of special education students do not 
contribute to learning loss differences among schools. As with the 
racial and ethnic categories, once we control for other factors, these 
differences disappear. Thus, claims that these factors are causal con-
tributors to school level differences in learning losses are rejected. 

Likewise, the type of school—elementary school, middle school, 
combined elementary-middle school, combined middle-high 
school, or combined K12 school—played no role in differences of 
learning losses between schools at any grade level. 

We also control for changes in the number of test takers. 
Recent scholarship showed that school districts who chose virtual 
learning (rather than in person) to start the 2020 school year had 
the largest enrollment declines as families shifted to schools offer-
ing in-person instruction or schools with more experience with 
virtual instruction (Flanders 2021). The change in the number of 
test takers captures this.

Our model also included measures of COVID related learn-
ing modes. We have the self-reported time spent in school wide 
in-person instruction, hybrid learning and virtual learning. Under 
no specifications did any of these variables rise to statistical signifi-
cance. This is a startling and important policy finding. 

Schools across Indiana operated across several different modes 
through the 2020-2021 school year. Though it will take several 
years to fully determine, it seems likely to us that students would 
perform better through in-person classes, then in hybrid learning, 
and better in hybrid than virtual. Future research may prove this 
wrong, but it is likely that this assumption motivated most school 
decisions. However, learning loss due to the pandemic is not 
confined only to the school-wide modes of instruction. Students 
and teachers may be isolated due to having contracted COVID 
or quarantined through exposure to the virus. These students and 
teachers are then either absent from school through the disease 
or engage in different learning modes than the majority of their 
peers, who are unaffected. 

The authors of this study have three children in Indiana public 
schools. All three were either quarantined or isolated in the 2020-
2021 period; one was quarantined for a portion of the school year 
during three separate occasions. We think this is a common experi-
ence that places significant challenges on students and instructional 
staff. So, school policymakers determined the mode of instruction 
in an effort to limit the spread of disease, while also balancing risks 
of learning loss for students. 

Our empirics speak to the quality of these decisions, with 
respect to learning loss. Had schools overcompensated for disease 
risk, while accepting more learning loss we would observe statisti-
cally different results across the mode of instructions offered 
by schools. Those schools that were ‘too restrictive’ would have 
greater learning loss due to higher levels of hybrid or virtual learn-
ing. In contrast, those that were too accommodative of disease 
risk would have higher learning loss due to quarantine and isola-
tion absences of teachers and students. 

The quality of these decisions on learning loss should be 
apparent in the empirical test we perform. More accommoda-
tive schools, who spent a higher share of the year on in-person 
instruction saw no differences in learning losses than the most 
restrictive schools, who spent more time in virtual instruction. 
The results for ELA estimates are reported in Table 1.

Table 1. ILEARN English/Language Arts Pass Rate*
Source: Indiana Dept. of Education

Variable 3rd 4th 5th 6th 7th 8th All

Intercept

% Free/Reduced-Price Lunch – – – – – – –

Total Enrollment – +

% ELL +

% Special Education – –

Attendance Rate, 2020–2021 +

% African American – –

% White – –

% Asian –

% Multiracial –

% Hispanic – –

Elementary School Only N/A N/A N/A

Middle School Only 

Mixed Middle-High School N/A N/A N/A

Hybrid % of Year

Virtual % of Year

Pass Rate 2019, All Grades – – – – – – –

Change in Test Takers – – –

* Note: We compare how well students performed in 2019 and 2021 by grade 
level and type of school, not the same students over time. In the type of 
statistical model we use, any difference in common aggregate pass rates is 
controlled for by the error term and common intercept. Thus, comparison is 
readily made between these grade levels before and after COVID.
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The ELA results we discuss are nearly identical to those for the 
mathematics test and combined pass rates. The important differ-
ences appeared only in the magnitude the learning losses, and the 
relative contribution of poverty to learning losses. In Tables 2 and 3, 
we report the mathematics and combined test pass rate estimates. 

Comparisons of these estimates across grades and tests are use-
ful. Figure 2 illustrates learning loss by grade level averaged across 
schools. There is no clear trend across grades; however, learning 
loss measured with math passing rates occurred at higher levels 
than in either the combined or ELA tests. 

Comparison of the magnitude of each contributing factor is 
useful. Our estimate of poverty on learning loss provides a good 
example (i.e., the share of students eligible for free or reduced-price 
lunch). Our estimate provides the marginal effect of poverty on 
learning losses, isolated from other effects. These marginal effects 
may be higher or lower than the actual learning losses. 

Figure 3 illustrates the effect of a 1.0 percent increase in the 
share of lunch-eligible students on learning loss. So, for 3rd grade, 
a school with 10 percent higher level of eligible students would 
be expected to experience a 2.2 percent higher learning loss in 
math and a 2.0 percent higher learning loss in ELA tests. Figure 3 
illustrates the grade-level effects. 

Poverty effects are larger for early grades but dissipate signifi-
cantly with older students. This is particularly true in 8th grade 
mathematics where the learning loss attributable to poverty is less 
than half that of 3rd grade. 

Figure 2. Average Learning Loss by Subject
Source: Indiana Dept. of Education

Figure 3. Contribution of Poverty to Learning Loss
Source: Indiana Dept. of Education
Note: We use data on Free and Reduced Lunch to estimate poverty status.
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Table 2. ILEARN Mathematics Pass Rate
Source: Indiana Dept. of Education

Table 3. ILEARN Combined Pass Rate
Source: Indiana Dept. of Education

Variable 3rd 4th 5th 6th 7th 8th All

Intercept

% Free/Reduced-Price Lunch – – – – – – –

Total Enrollment –

% ELL

% Special Education – –

Attendance Rate, 2020–2021 +

% African American –

% White –

% Asian –

% Multiracial –

% Hispanic –

Elementary School Only N/A N/A N/A

Middle School Only +

Mixed Middle-High School N/A N/A N/A

Hybrid % of Year

Virtual % of Year

Pass Rate 2019, All Grades – – – – – – –

Change in Test Takers – – –

Variable 3rd 4th 5th 6th 7th 8th All

Intercept

% Free/Reduced-Price Lunch – – – – – – –

Total Enrollment

% ELL +

% Special Education –

Attendance Rate, 2020–2021

% African American – –

% White – –

% Asian – –

% Multiracial – –

% Hispanic – –

Elementary School Only N/A N/A N/A +

Middle School Only +

Mixed Middle-High School N/A N/A N/A

Hybrid % of Year

Virtual % of Year

Pass Rate 2019, All Grades – – – – – – –

Change in Test Takers – –
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The other important result was the learning loss correlation to 
2019 pass rates. See Figure 4. This result was statistically signifi-
cant, and negative, suggesting that schools with higher 2019 pass 
rates observed greater levels of learning loss. 

We interpret this result with some caution, since there is no 
previous work in this area. Our operating hypothesis is that 
schools which perform better on the ILEARN in 2019 did so in 
part by providing more targeted support for students near the 
threshold of passing. So, students whose diagnostics indicated 
high probability of passing or not passing the ILEARN were 
provided targeted instruction (e.g., remediation or gifted and 
talented instruction). In contrast, students near the mean of the 
school would receive more instruction specific to the ILEARN. 
The effects of the pandemic interrupted or made less germane 
that specialized instruction that either did not occur or was not 
as effective during the pandemic period. The result was a larger 
decline in learning among schools that performed better in 2019. 
This is an encouraging result in that it may identify the elements 
of instruction which would lead to higher pass rates. We do not 
address whether or not that is good educational policy in general.

Finally, we address again instructional mode. Schools reported 
the share of instruction conducted in person, hybrid and virtually. 
This allows us to compare actual learning loss by instructional 
mode. In Figure 5, we illustrate the absence of a relationship 
between instructional mode and learning loss (share passing both 
math and ELA, all grades, all schools). There is no correlation 
between even the raw learning loss and instructional mode. This 
finding is repeated in our empirics presented above, and through-
out each mode of instruction. 

Discussion of Results
This study provides a preliminary analysis of those factors 

that contributed to learning loss in Indiana during the first full 
year of school affected by the COVID-19 pandemic. To do so, 
we estimated the incremental effect of student demographics, 
school characteristics, and school instructional mode response to 
COVID-19. Our modeling technique (the estimation) allows us 
to isolate the unique contribution of each factor, while holding 
other variables constant. 

We found that only two factors explain the bulk of learning loss 
from 2019 to 2021, which we characterize as COVID learning loss. 
During this period, the level of poverty in a school (as measured by 
the share of students eligible for free or reduced-price lunch) was 
the single strongest correlate of learning loss. This is wholly unsur-
prising, as it reflects the single most repeated finding in education 
research regarding test scores and risks to learning loss. 

We also found a negative relationship between test scores and 
initial levels of student pass rates in 2019. Schools that did better 
in 2019 experienced greater learning loss by 2021. We attribute 
this to the limited personalized instruction available to students 
whose performance was at the margin of passing scores. Again, 
this is not wholly unexpected since nearly every diagnostic test 
will have a majority of students falling near the median range. In 
this case, that is passing the ILEARN. 

This study also found several factors do not explain school-
level variation in learning loss. We find no robust evidence that 
the racial/ethnic composition of students plays a role in aggre-
gate learning loss. We find no evidence that school type, size, or 
share of English Language Learners (ELL) or special education 
students plays a role in learning loss differences among schools. 
These latter two variables are important because there is much 

Figure 4. Learning Loss and Initial Pass Rate (2019-
2021), Combined Pass Rate, All Schools
Source: Indiana Dept. of Education and author’s calculations
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Figure 5. Learning Loss and Share of In-Person 
Instruction
Source: Indiana Dept. of Education and author’s calculations
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variation in ELL and special education offerings across schools. 
We did not test gender differences; there is too little variation to 
be statistically meaningful. 

Perhaps our most important finding is that instructional mode 
played no role in learning loss between schools. So, the average 
learning loss in schools was uncorrelated with the share of in-
person, hybrid or virtual instruction. As we explained in the text, 
this is likely attributed to schools making direct trade-offs between 
instructional loss due to instructional mode (which is observable in 
these data) and losses due to quarantine and isolation of students 
and teachers (which is not reported). Were these two considerations 
balanced poorly on average, we should expect correlation between 
learning loss and instruction mode. We do not, which suggests 
schools have been balancing these concerns effectively. 

This final result is important because it provides some con-
temporary policy feedback to school boards and administrators 
wrestling with decisions regarding instructional mode for the 
2021-2022 school year. Our findings suggest that the balancing 
protocols used in the 2020-2021 school year are likely optimal, 
in the sense that some other protocol would not have resulted in 
lower learning losses. 

This study has limitations. The absence of demographic data 
on private schools limits our inclusion of them in these results. 
We rely on self-reported instructional modes and IDOE data that 
omits some student test scores. In our judgement, this is done 
appropriately by IDOE, but it does introduce risk of bias in our 
results. We don’t have access to individual data, which would 
provide us detailed student-level results. This would be important 
additional work because it would shed light on other characteris-
tics, notably gender, which is missing here. 

We do not have good data on several issues that may better illu-
minate the role poverty plays in learning loss. It might be access 
to computer technology, educational level of parents, or access to 
telecommunications. Alternatively, learning could be impacted by 
more mundane factors such as availability of workspaces, meals, 
or other support for learning at home. 

The missing year of ILEARN, as unavoidable as it was, pre-
cludes our knowing when the learning loss occurred. It could 
have been in the early, most restrictive periods of COVID, or it 
could have occurred throughout the 2020-2021 year. Of course, 
there many unknowable concerns, most especially the potential 
persistence of learning losses. IDOE has made preliminary efforts 
to assess this in its design of mitigation efforts. 

Technical Appendix
The technical details, including selected regression results and summary 

statistics, are included in a separate appendix document.
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