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ABSTRACT

ESSAYS ON ECONOMICS OF EDUCATION

Chapter one analyzes the opt-out movement in Colorado and New York. In 2015,
Congress passed the Every Student Succeeds Act (ESSA) and reinforced the focus on
educational equity through the mechanism of standardized tests. The ESSA maintained a
95% participation requirement for grades 3-8 English and Language Arts (ELA) and Math
state assessments. I utilize state education data from Colorado and New York to identify
how standardized test protests, which are now referred to as the opt-out movement,
impact the participation rates in both states. I employ fixed effects regressions to assess the
participation rates before and after the protests by interacting the opt-out movement with
racial composition, region, and free and reduced lunch status and find that White students
are primary participants in the movement in both states. I provide visual estimates of
the fixed effect regressions to demonstrate the decline in participation rates with time-
varying controls. The decline in participation rates is persistent through 2018 in New York
but trends back to pre opt-out levels in Colorado. I find a positive relationship between
participation rates and performance in both states but this relationship is dampened after
the opt-out protests. Finally, I calculate a counterfactual for school level performance to
assess the relationship if schools maintained their pre opt-out levels. Results indicate
that if policy makers use raw data to assess achievement gaps they could underestimate
achievement gaps.

The second chapter utilizes regional codes from the National Center of Education
Statistics (NCES), this study compiles district and school level data to provide additional
insight on the relationship between learning modes and performance. Jack et al. (30)

estimated the impact of different instruction modes during the 2020-21 academic year
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on standardized test performance in 11 states and find that districts with full in-person
learning experienced significantly smaller declines in pass rates. Colorado experienced a
smaller performance decline relative to other states in the sample and appeared to be an
outlier in their study. I use District-level data from their study to show a full transition to
in-person learning would have reduced learning loss by 3-6 percentage points in Colorado.
School-level analysis in Colorado indicates that the reduction in learning loss attributed to
tull in-person instruction is small and largely statistically insignificant apart from a few
grades in Math. Analysis by racial subgroup indicates that increasing participation rates
for minority students would positively impact performance.

Finally, the third chapter uses administrative data from Colorado State University’s
Institutional Research, Planning, and Effectiveness (IRPE) and Student Athlete Support Ser-
vices to identify the relationship between support services and student athletes” semester
GPA and credit earned ratio. I analyze the relationship for four types of support services at
the extensive (meetings versus no meetings) and intensive margins (number of meetings).
I find that the relationship between support services and GPA varies based on the nature
of the support service and the time of reception. In semesters that student athletes receive
intensive support services, like tutoring, they earn lower GPAs. Student athletes who
receive less intensive support services, like mentoring, earn higher semester GPAs. I
tind that support services and student athletes credit earned ratio exhibit no statistically
significant relationship across all specifications. Negative selection is present in the sample
because student athletes who are academically unprepared are more likely to receive
support services. More intensive support services like tutoring highlight this selection
in the result. I attempt to isolate the effect of support services by using the first support
service session provided by SASS. I differentiate between early intervention and general
support services and find that the benefit to student athletes from support services comes

from receiving services in the first four weeks of the semester.
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Chapter 1
Standardized Test Opt-Out: Evidence from
Schools in Colorado and New York

1.1 Introduction

Standardized testing serves a fundamental role in measuring the quality of schools
and is commonly used to evaluate teacher quality in the United States. The No Child Left
Behind Act (NCLB) set the stage for continued expansion of standardized testing to ensure
that schools are held accountable for their performance. The NCLB mandates that schools
meet 95% participation rates on mandated tests. The strict 95% participation rate lower
bound is set to ensure that the performance statistics derived from the standardized tests act
as a representative sample of the student body. Prior to 2015 schools achieved and exceeded
this threshold (11). The 2015 school year marks a sharp drop in the participation rates
on state mandated tests in both Colorado and New York. The drop in participation rates
reflects opt-out movements which consist of students and parents refusing to participate
in state mandated tests as a form of protest.

In 2015, the Obama administration passed the Every Student Succeeds Act (ESSA)
which returned accountability decisions to the state and local level and provided greater
flexibility with performance level indicators and school improvement interventions. The
ESSA maintained the essence of the NCLB with a focus on the idea of educational equity
through assessment, requiring the reporting of student subgroup performance on two new
student subgroups: gender and migrant status (National Conference of State Legislatures,
2015). The 95% participation rate at the school level is crucial for identifying low perform-
ing schools (40; 6). The 95% participation rate is also an important tool for identifying

achievement gaps across racial groups. Failure to meet the ESSA requirements means



that policymakers are faced with incomplete data. Incomplete data at the school level
raises concerns for resource allocation, as underestimation could lead to low performing
schools not receiving the necessary amount of assistance. These concerns are especially
relevant for the goal of equitable education. Policymakers could draw false conclusions
for schools with low participation rates by overestimating how much a school is closing
the achievement gap between white and minority students. Alternatively, it could reduce
policymakers’ ability to identify the extent to which achievement gaps are widening.
Many Americans were aware of opt-out as it related to standardized tests and specif-
ically the Common Core (47). NPR and the popular education news outlet, Chalkbeat,
highlighted the movement in New York and Colorado as the epicenters of the opt-out
movement (Kamenetz, 2015; Gorski, 2015). The opt-out movement is a demonstration
of collective action. The implementation of the ESSA and the adoption of the Common
Core standards increased testing requirements. These introductions coincided with a
new teacher evaluation system which requires using student growth measures for 50%
of the teachers’ total score in both Colorado and New York (9; 31). The year 2015 marks
the introduction of major educational policy changes that inspire collective action on
behalf of parents and students. Some parents and students argue that high-stakes testing
induces testing-fatigue, increased weight allocated to standardized test performance used
in teacher evaluations, and a narrowed curriculum that focuses the material to "teach to
the test" as enough of a reason to opt-out of testing. The Colorado State Board of Educa-
tion requested waivers to allow schools and districts to fall below the 95% participation
requirement, but the United States Department of Education rejected Colorado’s request
and stated districts would not be exempt from participation requirements (18). In 2016,

the Department of Education issued the following proposed regulation:

Failure to meet the 95 percent participation rate requirement is factored in
the State’s accountability system in a meaningful, publicly visible manner

through a significant impact on a school’s performance level or summative



rating, identification for targeted support and improvement, or another equally
rigorous, State determined action, thus providing an incentive for the school to

ensure that all students participate in annual State assessments (51).

In Colorado, schools who failed to meet the 95% requirement received a drop in their
school rating meaning they could be "Performance Plan" schools in 2014 and "Improvement
Plan" in 2016 and they would continue to drop in classification for each year they failed to
meet 95%. The CDE reports in their School Performance Rating whether schools drop in
classification is due to low participation after 2016. Some schools have maintained lower
participation rates and received multiple drops in classification but parents can readily
check whether this is due to low participation or poor performance. In New York, schools
fell off the Reward School list and were not eligible for certain grants because of their low
participation rate.

This paper identifies the relationship between demographic characteristics and partici-
pation rates at the school level for both states, while building off the analysis in Clayton
et al. (12) and Chingos (11). I employ fixed effect regressions to demonstrate the "pre"
and "post" opt-out movement participation rates and include interaction terms to high-
light variation in regional outcomes and schools with different racial compositions. I
then present estimates from a two way fixed effect model to compare the resilience of
opt-out movement across states. To conclude, I present fixed effect estimates that identify
the relationship between participation rates and school level performance. The paper’s
tindings can be summarized as follows: (1) suburban schools in Colorado and New York
saw the largest declines in participation rates; (2) White students opted-out at higher rates
relative to their minority peers and the results hold following the inclusion of school and
year fixed effects; (3) opt-out protests persisted throughout the sample in the state of New
York but participation rates began to return to pre opt-out movement levels in the state of
Colorado; (4) at the school level, the positive relationship between participation rates and

proficiency is dampened in the post opt-out period. Counterfactual calculations indicate



that schools could increase proficiency if they maintained their pre opt-out participation
levels.

The opt-out movement in New York has been effective in that it validated the propo-
nent’s framing. The persistence of low participation rates in the state renders much of the
performance data useless at the schools that experience high opt-out rates. The framework
in which the proponent’s categorize test scores as invalid measures of performance is
somewhat self-perpetuating. With incomplete data school administrators cannot draw
any robust conclusions with respect to achievement gaps in performance across income
and racial groups. Twelve civil and human rights groups announced "the educational
outcomes for the children we represent are unacceptable by almost every measurement.
And we rely on the consistent, accurate, and reliable data provided by annual statewide
assessments to advocate for better lives and outcomes for our children" (50). State tests
are imperfect in their ability to assess learning, however, civil rights groups recognize
consistent collection of performance data is imperative because state tests remain one of

the only objective metrics to assess educational equity.

1.1.1 The Opt-Out Movement

The national opt-out survey highlighted dissatisfaction with the status quo. The
frustration with state mandated tests illustrated by survey participants provided the
building blocks for a protest (47).

Clayton et al. (12) utilize the framework of cultural capital developed by Bourdieu (7) to
motivate the demographic characteristics of the opt-out movement in Colorado. Cultural
capital develops over time and is present in knowledge about school, appropriate attitudes
and beliefs, personal style, and linguistic competence sanctified by the dominant culture
(37; 38). Cultural capital increases with socioeconomic class. Individuals with high levels
of cultural capital are more likely to have access to information pertaining to changes in

school policy. Bourdieu (8) further emphasizes the role of class in the use of cultural capital.



Individuals who preside in privileged classes can better exercise their cultural capital. In
the context of schools, privileged parents interact with school administrators and educators
differently by using their increased resources and often feel more comfortable with asking
for exceptions (38).

Wang (52) analyzed the New York opt-out movement by using 221 press articles to
apply a social network analysis of the opt-out movement that identified coalitions. Wang
(52) finds that the opt-out coalition emphasizes increased anxiety on behalf of students,
test scores as invalid measures of performance, and a dissatisfaction with the link between
test scores and teacher evaluations. The pro-testing coalition expresses the importance
of utilizing the test score data to evaluate achievement gaps across race, gender, and
ability. Opponents of the opt-out movement frame the protest as "White, affluent families’
irresponsible behavior" which could potentially harm minority students (52).

Bennett (5) utilizes a synthesis of news outlets, surveys, and contemporary studies to
understand two of the mechanisms behind opt-out movements in these states. The first
mechanism deals with the time allocated to the standardized tests; this mechanism is less
convincing. In 2015, the Obama administration called for a 2% cap on the percentage of
instructional time devoted to state-mandated tests (51). The second mechanism is derived
from the link between standardized tests and teacher evaluation. Parents of students
who do not participate in the mandated tests report disagreement with the increasing
prevalence of mandated tests. They also disagree with the use of mandated tests to evaluate
teacher quality. During the 2015 year, the test was a Common-Core-aligned assessment on
which notably lower percentages of students were expected to achieve proficiency. The
increase in difficulty coupled with the use of test performance to evaluate teachers served
to further motivate parents having their children opt-out of the mandated tests as a form
of protest to the use of mandated tests to evaluate teachers.

Chingos (11) explores the New York district participation rates in 2015 using cross-

sectional analysis. The article uses district-level data and finds a positive relationship



between wealth and test scores and opting-out. After controlling for free/reduced lunch,
however, the relationship changed direction, showing that districts with lower scores had
higher levels of opting-out (11).

Clayton et al. (12) analyze the opt-out movement in the context of Colorado. They
identify demographic characteristics of the schools that have low participation rates. They
utilize statewide panel data from 2012-2016 and find that the rate for students who opt-out
is largest in suburban, rural, and high performing schools. They also explore participation
rates by race and find that schools with higher proportions of white students have higher
opt-out rates. This is consistent with Bennett (5) and Pizmony-Levy and Green Saraisky
(48) which find that White, affluent, educated parents may be at the forefront of the opt-out
movement, opposed to high levels of testing, and opposed to high stakes testing for teacher
evaluation.

Clayton et al. (12) note that selectively encouraging a few students to opt-out could
achieve similar aims as more complicated cheating programs. Traditional cheating in-
volves artificially increasing scores but opting out involves additional concerns regarding
discrimination if certain demographic groups are perceived to not have the capacity to
meet test requirements (24; 3). Researchers using Ohio data demonstrated that school
rankings could be swayed by a change in the participation of as few as 11 students in a
single school (4).

The opt-out movement is important to analyze because state assessments are the only
comparable measures of performance at the building level. The National Assessment of
Educational Progress (NAEP), does not report at that level, nor is it aligned with state
content standards. State assessments are the only measures of school level performance
by demographic group. Opt-out creates distortion in performance preventing parents,
educators, policymakers, and the public from understanding the extent to which schools
are effectively educating all children (5). When schools fail to meet the 95% participation

rate requirement, policymakers lose the ability to accurately assess achievement gaps



and this could result in misallocation of resources (40; 6). This misallocation of resources
means that policymakers cannot accurately assess the efficacy of their school or districts
human capital investment. The returns on human capital investment in primary education
(whether social or private) are the highest among all educational levels (54). Opt-out

reduces policymakers’ ability to identify the sufficient level of investment.

1.2 Data and Methods

1.2.1 Participation Data

The data sets are constructed separately from publicly available data provided by the
Colorado Department of Education (CDE) and the New York State Education Department
(NYSED). The data sets use school level data disaggregated by race. The participation rate
variable is provided by the CDE and NYSED. Participation rates at the school level are
separately merged with regional codes from the National Center for Education Statistics
(NCES). The sample omits all online schools for both states and contains schools that serve
grades 3-8. Analysis is run using the state mandated participation at the grade level and as
a result the number of observations will vary depending on the grades that are served by
each school. I focus the analysis on grades 3-8 across both states for ELA assessments. The
panel begins in 2010 for both states and ends in 2018 for Colorado and New York. This
sample period provides multiple years before and after the opt-out movement to analyze
the opt-out movement. I omit the most recent years to avoid the effect of the pandemic.
The students take state mandated assessments in the spring term and so including the
2019 school year would include the pandemic. The pandemic reflects a sharp decline
in participation rates in the 2020 school year, however, this data is omitted because the
decline in participation rates is not only due to the opt-out movement but also due to test

administration differences in the context of the pandemic.



1.2.2 Performance Data

Performance data is gathered at the school level. The CDE and NYSED provide the
percentage of students who test into respective categories. New York performance data is
consistent in classification across the sample. The state categorizes performance into four
categories with L1 representing unsatisfactory performance and L4 representing advanced
performance. Students who test into L3 are considered proficient. Colorado’s scoring
categories changed simultaneously with the introduction of the protests as Colorado tran-
sitioned from the Colorado Student Assessment Program (CSAP)/Transitional Colorado
Assessment Program (TCAP) to the Colorado Measures of Academic Success (CMAS)
assessment (Colorado Department of Education, 2015). Before 2015, Colorado used a four
category system like New York and following 2015 the state expanded to 5 categories and
students who test into categories 4 and 5 are proficient and categories 1, 2, and 3 classify
students as below or approaching proficiency. This is the same classification used in New
York for students who test into L2 and L1 according to the NYSED and CDE. Throughout
the performance analysis I simplify the categorization to proficient or not proficient by
combining categories L3 and L4 in New York and categories 4 and 5 in Colorado into the
proficient category and L1 and L2 in New York and categories 1-3 into not proficient in
Colorado. State tests are ever changing with respect to content and this sample is not
free of these changes. Across both states the CDE and NYSED report an increase in the
difficulty of their state tests in the 2015 school year. I utilize a two-way fixed model in
the performance analysis section to capture the change in test difficulty in the year fixed

effects.

1.2.3 Participation Methods
In equation (1.1) I use pooled Ordinary Least Squares (OLS) to look at the relationship
between participation rates by region. The outcome variable is participation rates in year ¢

for school i in grade g. Region;, is a categorical variable where city is the reference group



and Opt, is an indicator that takes on a value of 1 starting in 2015 for the opt-out protest. I
utilize robust standard errors clustered at the school level represented by ¢;;. I report the
estimates for New York and Colorado in Table 1. The variable of interest is the interaction

between region and the opt-out indicator.

Yige = Bo + Piregion; ¥ Opt, + Baregion; + BsOpty + €. (1.1)

I extend the demographic characteristic analysis of Clayton et al. (12) with the inclusion

of school fixed effects. I estimate the following:

Yi = 81X x Opty + BoXi + BsOpty + Ni + €41 (1.2)

Equation (1.2) uses a school fixed effect model. School and grade are grouped in i. The
outcome is the participation rate of specific grades in a school in year ¢. The coefficient of
interest here is 3; which is the interaction between the school level racial composition and
the opt-out indicator Opt;. The racial composition of the school is a continuous variable that
measures the percentage of each racial group within a school. The estimates are presented
with the percentage of White students as the reference group. The model includes school
tixed effects with ); to capture unobserved time-invariant school characteristics that may
affect participation rates. The opt-out indicator Opt; turns on for all years after the opt-out
movement in 2015. I use fixed effect estimation because the unobserved heterogeneity is
assumed to be constant. I use robust standard errors clustered at the school level in ¢;;.
The standard errors are clustered to account for heteroskedasticity. Independent variables

are not random and the model exhibits no multicollinearity.

Yio = 651X + N + e + €t (1.3)

In addition to the school fixed effects, Equation (1.3) estimates a two-way fixed model

where I include y, which denotes the year fixed effects to control for time-varying shocks



that may occur over the sample period, for example, potential state legislation that could
impact all schools across the state. Both states in the sample are diverse in geography,
racial composition, and economic composition. The addition of school and year fixed
effects helps to control for some of the variation to school population caused by economic
shocks, migration, and new state legislation that is not captured in Clayton et al. (12)’s

pooled OLS analysis of the demographic characteristics.

1.2.4 Performance Methods

These concerns motivate the following two-way fixed effect model:

Y = By Participation;; + Po( Participationy * Opty) + B3 Xy + N + e + €ir. (1.4)

The outcome variable is the percentage of students at school 7 in year ¢ that test into the
proficient category. The coefficients of interest are 3, and 3, which capture the relationship

between participation rates and proficiency.

1.2.5 Counterfactual Calculation

The coefficients estimated in equation (1.4) indicate a dampening positive relationship
between participation rates and school level proficiency but the positive relationship is not
completely eliminated. This allows me to calculate the relationship between participation
rates if they had remained at their pre opt-out levels. I first calculate each states average
participation rate from 2010-2014 and use this as their baseline. I then use a linear combi-
nation of the coefficients for the Participation;, and Participation; * Opt, in specification
(1.4) and multiply this by the difference between average baseline participation rate and
the participation rate for each post opt-out year. I use a stylized example to demonstrate

the calculation:

(81 + P2)(Average Participationsgo_s014 — Participation;) = CF (1.5)

10



The counterfactual then demonstrates the percentage point increase in proficiency that
would have occurred given participation rates remained at their average pre opt-out levels.
I report 95% confidence intervals and use them to provide upper and lower bounds of the

potential increase in proficiency.

1.3 Results

1.3.1 Participation Results

Table 1.1 presents the results of specification (1.1) and demonstrates the strength of the
protest across grade levels in suburban schools in New York and Colorado. This table
reports the interaction results for suburban and rural schools relative to the reference
group, city schools. Relative to city schools, rural and suburban schools participated at
higher rates for all grades in Colorado and grades 3-5 in New York before 2015. The
interaction terms indicate that this relationship flips in 2015 with suburban and rural
schools consistently decreasing relative to city schools for all grade levels. The fact that this
relationship also holds for all grades in the analysis suggests that the coalition ties in New
York across proponents for opt-outs play a significant role in inciting a school wide effect
(52). In New York the interaction between suburban schools and the opt-out movement
indicator shows a decline in participation rates of 17-28 percentage points relative to the
city schools. The relationship strengthens as the grade level increases. In Colorado, the
interaction with suburban schools shows a 6 percentage point decline in participation rates
relative to city schools in the 8th grade, indicating that opt-out movement in Colorado
may be focused in older students. The decline in participation rates for suburban schools
is relatively small for elementary grades but it increases as the grade level increases. In
the state of New York, the opt-out movement seems to be a school wide phenomenon
that is prevalent in both suburban and rural schools but the decline is most prominent in

suburban schools.
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Table 1.1: Effect of Opt-Out Movement on Test Participation Rates

NY 3rd 4th 5th 6th 7th 8th
Opt-Out 6.6417F 6483 6559 4400  -4.337%%  -4.288*
(1.214)  (1.127)  (1.199)  (0.768)  (0.900)  (0.895)
Opt-out‘Rural  -9.572°* -10.047"* -10.601"** -15.960"** -18.426*** -18.458***
(1.341)  (1.269)  (1.347)  (L.067)  (1.223)  (1.216)
Opt-out*Suburb -17.841"* -18.055"* -19.165*** -24.459*** -28.536*** -28.682***
(1.388)  (1.322)  (1.393)  (1.275)  (1.509)  (1.509)
Rural 0.252* 0.274* 0.253* 0.128 0.198*  0.258**
(0.140)  (0.140)  (0.133)  (0.089)  (0.108)  (0.110)
Suburb 0.100 0.091 0.037 0.164*  -0.152 -0.141
(0.140)  (0.141)  (0.133)  (0.098)  (0.123)  (0.127)
Observations 12597 12319 11841 8683 7149 7101
CO 3rd 4th 5th 6th 7th 8th
Opt-Out D524 2292 6197 31757 -4.392°% 61117
(0.240)  (0.254)  (0.303)  (0.416)  (0.560)  (0.815)
Opt-out‘Rural  -1.390"*  -2.251"*  2551**  -3.710"* -4.078"*  -4.420*
(0.424)  (0461)  (0.529)  (0.787)  (0.987)  (1.222)
Opt-out‘Suburb  -0.812*  -1.603"*  -2.021***  -3.449***  -5268"*  -6.791**
(0.319)  (0.359)  (0.419)  (0.632)  (0.926)  (1.246)
Rural 0039 0192  0.240* 0.135 0.222** 0.171
0.073)  (0.052)  (0.111)  (0.117)  (0.108)  (0.147)
Suburb 0.094*  0.146***  0.254** 0.036 0.045 -0.305
(0.039)  (0.049)  (0.104)  (0.128)  (0.122)  (0.252)
Observations 9033 9037 8961 5358 4129 4053

" Results from specification (1.1). Robust Standard errors clustered at the school level in parentheses *
p < 0.10, ** p < 0.05, *** p < 0.01. Schools grouped into 3 regions. Regions include Rural, Suburban, and
reference group is City schools. Interaction results report pooled OLS estimates relative to the reference
group, City schools.
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The racial composition estimates from specification (1.2) are reported in Tables 1.2 and
1.3 for grades 3-8 state mandated ELA tests for New York and Colorado. White students
are the reference group and the first coefficient depicts the scenario in which a school is
composed of 100% White students. Estimates indicate that a 1 percentage point increase
in Black students in the opt-out years corresponds with an increase in participation rates
ranging from 0.24-0.31 percentage points in New York and a 0.05-0.27 percentage point
increase in Colorado. In New York, the first column for grade 3 indicates that if a school
were to transition from 100% White to 100% Black this would eliminate the decline in
participation rates entirely. Estimates for both states show that changing a school’s racial
composition to include a higher percentage of black students will increase participation
rates. Prior to the opt-out period, increases in the percentage of Black students correspond
with lower participation rates and the relationship is largely insignificant, this relationship
flips for both states following the introduction of the movement. The interaction between
opt-out and the percentage of Hispanic students shows that states vary with respect to
increasing the percentage of Hispanic students. In New York, increases in the percentage
of Hispanic students consistently correspond with a decline in participation rates for lower
grade levels and the relationship flips in 6th grade. In New York, however, the pre opt-out
period indicates that increasing the percentage of Hispanic students corresponds with a
decline in participation rates and the magnitude of the coefficient falls in the opt-out period
signaling that Hispanic students are not the primary movers in the protest. In Colorado,
increases in the percentage of Hispanic students in the post op-out period correspond
with higher participation rates for all grades. Across both states the consistent result is
that schools with larger proportions of Black students showed positive and significant
increases in participation during the opt-out time period and this seems to increase with

grade as well.

In order to visualize the fixed effects estimates I treat the opt-out movement as an event.

I use year fixed effects from 2010 for New York and Colorado up until 2013 and omit
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Table 1.2: Impact of a Change in Racial Composition on Test Participation in New York

New York Grades 3rd 4th 5th 6th 7th 8th

Opt-out 247297 24565 -25230* -28.468"* -29.368"* -29.519**
(0.815)  (0.818)  (0.836)  (1.033)  (1.168)  (1.172)

Opt-out%Black ~ 0.247*** 0250  0274** 0304  0.304**  0.310"*
(0.018)  (0.017)  (0.019)  (0.020)  (0.025)  (0.025)

Opt-out*%Hisp 0.053*  0.055*  0.065*  0.153**  0.166"*  0.162***
(0.024)  (0.024)  (0.025)  (0.029)  (0.031)  (0.032)

Opt-out‘%Asian  0.084* 0.088" 0.093*  0.169"*  0.196***  0.197***
(0.048)  (0.048)  (0.049)  (0.052)  (0.068)  (0.068)

Opt-out*%Native -0.152 -0.137 -0.097 -0.224 -0.342* -0.156
(0.099) (0.099) (0.099) (0.153) (0.198) (0.227)
Opt-out*%eMulti 0.880*** 0.820** 0.730** 0.624** 0.349 0.340
(0.127) (0.129) (0.134) (0.166) (0.262) (0.261)
%Black -0.654***  -0.670**  -0.629***  -0.558***  -0.634***  -0.633***
(0.078) (0.080) (0.086) (0.112) (0.135) (0.136)
%Hispanic -0.825***  -0.880***  -0.939***  -1.020***  -1.132***  -1.139***
(0.069) (0.070) (0.075) (0.105) (0.129) (0.130)
%Asian -0.170 -0.168 -0.166 -0.468**  -0.534**  -0.589***
(0.116) (0.117) (0.121) (0.130) (0.156) (0.156)
%Native -0.197 -0.185 0.061 0.456 0.542* 0.535*
(0.278) (0.277) (0.299) (0.282) (0.328) (0.315)
%Multiracial -0.313***  -0.313*** -0.289** -0.163***  -0.159***  -0.156***
(0.114)  (0.117)  (0.113)  (0.051)  (0.051)  (0.051)
School FE Yes Yes Yes Yes Yes Yes
Observations 11811 11573 11072 8012 6582 6534

" Results from specification (1.2). Robust Standard errors clustered at the school level in parentheses, *

p < 0.10, ** p < 0.05, *** p < 0.01. Variables are bound between 0-100 as percentages. Opt-out indicates a

100% White school and the interaction terms indicate the effect of a 1 percentage point increase in minority

post opt-out. Data is masked to protect the identity of students if the number of participants is less than 16.
the penultimate year 2014 to develop a baseline for the pre opt-out movement period. I
plot the year fixed effects from specification (1.3). Visual estimates with year fixed effects
leading up until the opt-out movement show little variation in participation rates prior to

the opt-out. I then use the year fixed effects for the post opt-out period from 2015-2018 for

both states. The year fixed effects after the opt-out movement allows for inspection of the
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temporal nature of the opt-out movement. I also include time-varying controls for racial
composition and free and reduced lunch status. This estimation procedure produces a
visual illustration of the resilience of the protests in each state. The error term is clustered

at the school level.

Table 1.3: Impact of a Change in Racial Composition on Test Participation in Colorado

Colorado Grades 3rd 4th 5th 6th 7th 8th

Opt-out -5.739%*  -7.387** 7.870%** -10.147%* -13.743"* -17.322%
(0.621)  (0.715)  (0.733)  (1.126)  (1.494)  (1.679)

Opt-out*%Black  0.051**  0.070** 0.093**  0.137**  0.192**  0.272""
(0.012)  (0.012)  (0.015)  (0.030)  (0.039)  (0.048)

Opt-out*%Hisp ~ 0.051** 0.081*** 0.091** 0.112**  0.148**  0.186"*
(0.008)  (0.009)  (0.009)  (0.014)  (0.019)  (0.022)

Opt-out*%Asian 0.028 0.022 -0.007 -0.014 -0.022 -0.177
(0.036) (0.045) (0.051) (0.085) (0.115) (0.156)
Opt-out*%Native  0.014 0.014 0.035 -0.142 -0.034 -0.052
(0.062) (0.054) (0.063) (0.149) (0.160) (0.223)
Opt-out*%eMulti 0.074 0.108 0.031 -0.011 -0.123 -0.177
(0.065) (0.076) (0.083) (0.147) (0.205) (0.242)
%Black 0.010 0.022 -0.060* 0.017 -0.053 -0.120
(0.026) (0.025) (0.032) (0.059) (0.084) (0.094)
%Hispanic 0.013 0.002 -0.025 0.001 -0.013 0.021
(0.016) (0.018) (0.019) (0.032) (0.039) (0.047)
%Asian 0.045 0.090 0.009 -0.027 0.015 -0.016
(0.055) (0.070) (0.071) (0.088) (0.103) (0.145)
%Native -0.050 -0.125 -0.070 -0.099 -0.337 -0.161
(0.089) (0.095) (0.094) (0.212) (0.266) (0.269)
%Multiracial 0.041* 0.072*** 0.018 0.059 0.141* 0.098
(0.022) (0.026) (0.030) (0.061) (0.081) (0.098)
School FE Yes Yes Yes Yes Yes Yes
Observations 9044 9046 8969 5376 4148 4072

" Results from specification (1.2). Robust Standard errors clustered at the school level in parentheses, *
p < 0.10, ** p < 0.05, *** p < 0.01.
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Figures 1.1 and 1.2 illustrate the estimates for New York and Colorado respectively.
I include all grades 3-8 in the model and include school and year fixed effects as well
as controls for time-varying school characteristics like racial composition and free and

reduced lunch percentage. Both states exhibit little variation before the introduction of the

Participation Rate in New York
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Figure 1.1: New York Grades 3-8 Fixed Effect Estimates from Specification (1.3)

movement and experience drops below the 95% participation requirement. The variation
across states occurs in the year fixed effects post opt-out. As years pass from the initial
protest there is greater resilience in the opt-out movement in New York. In the most recent
year of the sample for New York (2018) the participation rate across all grades in schools
remains below that of the introduction of the opt-out movement. In Colorado the opt-out
movement seems to have lost much of the initial momentum that was built up in 2015
with participation rates climbing back to pre opt-out levels. The difference may lie in

the motivation for the protest. In 2022, Colorado passed Senate Bill 70 which replaces

16



Senate Bill 191 and reduces the weight on job performance from 50% to 30%. Across the
sample in the event study no reform to teacher evaluation occurs. This could indicate that
Colorado parents and students may have been motivated to opt-out initially but the slow
response on behalf of the state led to a decrease in motivation. In 2016, New York agreed
to delay evaluations based on performance with 4 year lags. This meant that schools could
not connect the classroom’s performance to teacher evaluations until they had taught
for 4 years at the school. Wang (52) finds through social network analysis that parents
did not feel this was a solution to the issue but rather a temporary delay from the state.
In 2019, New York removed the standardized test performance as a measure for teacher
evaluation. The continued efforts illustrated by the parents and students in New York may

be attributed to the real policy response that occurs on behalf of the state.
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Figure 1.2: Colorado Grades 3-8 Fixed Effect Estimates from Specification (1.3)
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1.3.2 Performance Results

To begin the performance analysis, I report the raw data for the school level proficiency
over time. The goal of the NCLB is accountability. Low performing schools were identified
and sanctions were set to incentivize schools to improve performance on state tests. The
ESSA aims to provide equitable education to all students. The ESSA states a primary goal
as "Advances equity by upholding critical protections for America’s disadvantaged and
high-need students" (2). School level achievement gaps are a good measure of equitable

education.

Colorado Proficiency for Low and High Income Schools
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Figure 1.3: Proficiency Rates by School Income Composition in Colorado

I report the raw data for school level proficiency over time by income in Figures 1.3 and
1.4 for Colorado and New York respectively. Low income schools are defined by free and
reduced lunch status. Schools that have more than 50% of their student body on free and
reduced lunch are classified as low income schools. The achievement gap between high

and low income schools in Colorado shrinks from 23.6% to 19.4% from 2014 to 2015. This
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New York Proficiency for Low and High Income Schools
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Figure 1.4: Proficiency Rates by School Income Composition in New York

gap continues to close over time. In New York the achievement gap shrinks in the year
the protests begin but then begin to alternate in the following years. Figures 1.3 and 1.4
highlight the potential concern for policymakers ability to accurately assess achievement
gaps. The data indicates that low and high income schools tend to fluctuate around a 20%
achievement gap in proficiency.

The raw data indicates a sharp change in the test in 2015 in Colorado and 2013 in New
York. This change in tests along with the large changes in participation rates makes it diffi-
cult to accurately assess the school level proficiency. I report the results from specification
(1.4) in Table 1.4. The two-way fixed effect model shows the relationship between partici-
pation and proficiency before and after the opt-out movement. The relationship between
free and reduced lunch status and performance is well documented in the literature and
these estimates reinforce the finding that increasing the percentage of students on free and
reduced lunch corresponds with lower performance. Increasing the proportion of Black

and Hispanic students corresponds with lower rates of proficiency as well.
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Table 1.4: Effect of Post Opt-Out Participation Rates on Proficiency

NY NY CO CcO

Participation Rate 0.193***  0.170™*  0.656*  0.657"*
(0.050)  (0.049) (0.050)  (0.049)

Opt-Out*Participation -0.144** -0.136"* -0.423"* -0.421***
(0.047)  (0.046) (0.053)  (0.053)

%Free Reduced -0.234**  -0.186** -0.257*** -0.191***
(0.023) (0.019) (0.030) (0.026)
%Asian 0.530*** -0.064
(0.057) (0.092)
%Black -0.253*** -0.043
(0.063) (0.073)
%Hispanic -0.1271 -0.279***
(0.033) (0.036)
%Native 0.121** -0.217
(0.030) (0.165)
Y%Multi -0.021 0.010
(0.039) (0.069)
School FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Observations 54115 54115 29867 29867

" Results from specification (1.4). Robust Standard errors clustered at the school
level in parentheses, * p < 0.10, ** p < 0.05, *** p < 0.01

Prior to the opt-out movement, the participation rate is positively related with per-
centage of students who test into the proficient category in New York and Colorado. The
second coefficient in Table 1.4 illustrates the relationship between participation rates and
the percentage of students who test into the proficient category post-op-out movement.
The post-opt-out period indicates a dampening of the positive relationship reported in the
pre-opt-out period. The coefficients see little to no change in magnitude when I include
the racial composition variables.

I present the results of the calculation in Figures 1.5 and 1.6. New York demonstrates
a gradual increase in the magnitude of the percentage point increase from 2015 to 2018

whereas Colorado experiences a gradual decline in the magnitude of the percentage point
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increase. The results indicate that across both states would see an average of 1-2 percentage

point increase in proficiency if they maintained pre-opt-out levels.

Percentage Point Increase in NY Performance
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Figure 1.5: Percentage Point Increase in Proficiency NY with Pre-Opt Out Participation

The results indicate that if schools had maintained their pre-opt-out participation rates
then school-level proficiency would be greater than the observed levels in the sample.
As policymakers address the achievement gaps across various classifications reported in
Figures 1.3 and 1.4 it is important to address the role of participation by each demographic
group.

It is important to contextualize the performance results. In the participation analysis,
I identify the suburban schools and White students as the primary participants in the
opt-out movement for both states. The relationship between participation rates and school
level proficiency is positive prior to the opt-out movement and this positive relationship is
dampened post opt-out movement. Bennett (5) and Pizmony-Levy and Green Saraisky

(48) highlight that White, affluent, educated parents may be at the forefront of the opt-out
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Figure 1.6: Percentage Point Increase in Proficiency NY with Pre-Opt-Out Participation

movement. Given the positive association between socioeconomic status and performance
prevalent in the literature and demonstrated here, I can infer the mechanism behind
the performance relationship. White affluent students in suburban schools are primary
participants in the opt-out movement and as a result this causes the relationship between
participation rates and school level proficiency to change. In the post-opt-out period the
school’s performance is missing students who have more affluent backgrounds and this
means that if schools were to increase the participation rate with the sample of students
who are taking the state tests this could reduce their rate of proficiency.

The dampened relationship means that policymakers could potentially overestimate
the closure of achievement gaps between regional, racial, and income groups. The counter-
factual calculations mean that if schools returned to their average pre-opt-out participation
levels then schools could increase their level of proficiency. This indicates that policy-

makers who use the raw data reported in Figures 1.3 and 1.4 may be overestimating the
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closure in achievement gaps at the school level and potentially underestimate allocation of

resources to low income and minority schools.

1.4 Conclusion

In this paper, I identify the concentration of the opt-out movement in suburban schools.
The inclusion of school and year fixed effects illustrates the fact that schools with higher
proportions of White students have higher opt-out percentages and that increasing the
proportion of minority students has differential effects across states. Increasing the per-
centage of Black and Hispanic students correspond with a decline in participation rates in
New York and the opposite is true for Colorado.

Figures 1.3 and 1.4 depict the fixed effect estimates for participation rates and indicate
that both states satisfy the parallel trends assumption in the pre opt-out movement period
and demonstrate the drop in participation rates following the movement. The year fixed
effects post opt-out movement illustrate the variation in the resilience of collective action
for parents and students, with New York remaining a strong opponent of standardized
testing and Colorado returning to pre opt-out levels.

The performance analysis with the two-way fixed effect model demonstrated a negative
relationship between participation rates and the percentage of students who test into the
proficient category. At the school level, it appears that the affluent students who opt-out are
higher performing and their lack of participation causes the positive relationship to drop
substantially after the movement begins. The movement is centered in suburban schools
and is driven by White students and this could lead to misinterpretation of achievement

gaps between suburban, rural, and city schools and minority and White students.

1.4.1 Policy Implications and Future Research

The protests in New York seem to be effective with changes in legislation leading

to the decoupling of teacher evaluations and standardized test scores. It is not clear
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whether the recent reduction in weight allocated to teacher’s evaluation in Colorado is in
response to the opt-out movement or other factors. The fixed effect model highlights the
fact that certain demographic groups are more likely to engage in this type of collective
action. State tests are imperfect measures of learning but they are currently the best
measure we have at the school level to assess educational equity. Some argue that the
achievement gap in and of itself is a racist idea (34; 33; 14). The opt-out movement pushes
to eliminate the assessments because of testing anxiety and teacher evaluations. If the opt-
out movement included minority groups then educational policy could change quickly and
better measures of learning for grades 3-8 students could be developed. The centralized
demographic participating in the opt-out movement and their motives do not align with
the deconstruction of racially biased assessments.

Wang (52) highlights the friction between White and minority parents in New York. A
similar friction exists in Colorado as the Twitter hashtag #optoutsowhite became popular
in the state as the movement was picking up steam in 2015 (Gorski, 2015). The process of
collective action efforts in both states are effective in dropping the overall participation
rates of schools. This leads to incomplete data at the school and grade level and brings
into question the coupling of teachers’ evaluations and standardized tests. In New York
the protest may very well have led to this decoupling.

The protests may be effective for decoupling evaluations but they also introduce issues
of incomplete data at the school and grade level as a legitimate concern. Incomplete
performance data at the school and grade level reduces policymakers ability to identify
achievement gaps in schools and reduces their ability to create effective policies that could
potentially reduce these inequities. The primary demographic of the opt-out movement is
white children in suburban schools. As they continue to not participate in testing we lose
valuable measurements to assess the achievement gaps between them and low-income

students as well as the achievement gap between White and minority students.
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Future research should incorporate student level data in affluent suburban schools
where opt-out is prevalent and samples of low-income schools in neighboring areas.
This would allow for an in-depth evaluation of the cheating concerns and it would also
allow for analysis on the extent to which the incomplete data harms the assessment of
achievement gaps. The analysis would include students who opt-out after taking at least
one test. This would help to create the estimated performance of students who opt-out
and compare that with the observed performance of classrooms. How many students
would need to opt-out in a specific classroom to change the classroom’s performance to
the extent that it would cause a change the school’s classification? This would allow for
additional comparison for the observed classroom performance and estimated classroom
performance with neighboring school classrooms to identify whether the opt-out leads
to over or underestimation of the achievement gaps. This research would reinforce the
benefits of complete data collection. Educational policy is imperfect but the ESSA requires
consistent data collection to assess educational equity. State assessments will continue to
change to provide a more holistic view of student learning but at the moment, the opt-out
movement means incomplete data provides us with an imperfect picture to implement

effective, equitable educational policy.
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Chapter 2
The Pandemic and School Performance: Evidence

from Colorado Schools

2.1 Introduction

The Coronavirus Disease 2019 (COVID-19) pandemic compelled schools to make
difficult decisions. Administrators were faced with the daunting task of devising a mode
of instruction that minimized the student, faculty, and staff exposure to COVID-19 while
also meeting their students’ learning needs. Throughout the year, school districts adopted
various modes of instruction, including school closures with virtual learning options,
full-time in-person instruction, and a combination of in-person and virtual learning known
as "hybrid" schooling (32). The alteration in learning modes varied across districts, so
students spent more or less time in-person depending on their district’s decision.

National and international studies highlight how COVID-19 and virtual learning
damaged educational success. Projections made by Kuhfeld et al. (35) indicated that
learning losses would be most severe among the most vulnerable student populations
across the United States. Their study utilized natural disasters like Hurricane Katrina
to serve as proxies to project the learning losses for students due to lost instruction time
(35). Kurmann and Lalé (36) find evidence of greater access to in-person instruction in
private schools, less affluent areas, and schools with a larger share of white students,
which they attributed partly to various regional differences. Domina et al. (21) found that
marginalized populations were most severely affected by the pandemic’s consequences,
with losses in math and reading proficiency. Engzell et al. (23) look at the suspended in-
person instruction in the Netherlands and find the average learning loss to be equivalent

to a loss of 20% of a school year with lower income students seeing greater losses. To
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measure the effect of learning modes on state-mandated assessment pass rates, Jack et al.
(30) collected district-level data from 11 different states. They created the COVID-19 School
Data Hub (CSDH, 2022) to break down the mode of instruction into three categories: 1)
"in-person,"” where all or most students had access to traditional, 5-day-per-week, in-person
instruction; 2) "virtual," where all or most students received instruction online, five days
a week; and 3) "hybrid," for schooling modes that did not fit into one of these categories.
They used the following criteria for test score data: 1) at least 2 years of pre-pandemic test
data; 2) no significant testing changes during this period; and 3) statewide participation
rates in 2021 above 50%. They also included COVID-19 case rate data from USA Facts
Jack et al. (30) capitalize on the variation in learning modes across districts in 11 states
to assess the impact of in-person instruction on district performance on state mandated
tests. They find that moving a district from fully in-person to fully virtual learning would
have reduced pass rate losses in Spring 2021 by 14 percentage points in Math and 8
percentage points in English Language Arts (ELA). In their summary analysis of the
pass rate declines, Colorado stood out as an outlier relative to other states in the sample
because it exhibited a smaller magnitude in declines. This paper analyzes the impact of the
variation in instruction modes on Colorado’s performance in more detail by incorporating
school level data to explore the heterogeneity within districts. The school-level data allows
me to address the projections in the literature that emphasize the differential impact of
in-person instruction on marginalized populations. I use school-level data to analyze
minority and white pass rates directly and provide additional insight on how the variation

in learning modes impacted schools by regional classification.

2.2 Colorado Background Information

In the 2020-2021 school year, Colorado scaled back assessments for grades 3-8 by testing
odd grades for ELA and even grades for Math. There was also a substantial decline in

assessment participation rates across the state which varied from below 10% in multiple
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districts to 100% in other districts (10). The change in participation could bias the estimates
of instruction mode on pass rates. If students who participate in the assessments are likely
to perform better than those who did not, then estimates will understate the learning losses.
If students who participated are likely to perform worse, then estimates will overstate the
learning losses.

Jack et al. (30) highlight this issue and note that, "Based on state reports, participa-
tion declines during the pandemic appear to be larger among historically underserved
student groups, such as students of color, students of lower socioeconomic status (SES)
backgrounds, and students receiving special education services, among other student sub-
groups." Given that historically underserved student groups like minority students tend
to lag behind white student peers, Jack et al. (30) argue that controlling for participation
is necessary to avoid bias against finding a positive impact of in-person instruction. I
incorporate school level participation to better capture the heterogeneity within districts.
Table 2.1 shows the pass rates and participation rate by racial subgroups in 2019 which
is the last year the test was administered prior to the COVID-19 pandemic. Colorado
schools have fewer Black and Asian students and this lack of representation motivates
my grouping of Minority students together for a Minority pass rate variable to estimate
the school level regressions’. This rate is compared next to the 2021 year when changes in
learning mode were present. For comparison, I restrict in Table 2.1 to only schools that
had participation and pass rates in both years.

Across both student groups reported in Table 2.1, Minority students experienced
slightly larger participation declines around 20% relative to White students who experi-
enced 13% declines in participation in both assessments. Minority students see pass rate
declines of 6% and 9% whereas White students see 3% and 19% pass rates declines for

ELA and Math respectively.

'The minority variable is largely comprised of Hispanic students. Asian students have higher average
proficiency rates and Black students have lower average proficiency rates relative to White students but
both demographic groups only have unmuted data for 6 additional schools in the sample
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Table 2.1: Pass and Participation Percentage Rates by Race

ELA Pass 2019 Pass 2021 Participation 19 Participation 21 N
Minority ~ 35.06 29.01 96.95 77.71 155
White 55.32 52.79 96.36 83.07 382
Math Pass 2019 Pass 2021 Participation 19 Participation 21 N
Minority ~ 40.74 21.52 95.75 78.20 88
White 57.90 38.75 96.29 83.09 268

" Table illustrates school-level data for the mean pass and participation rate by student
subgroup. Here I restrict the sample to include only schools that have data for each
subgroup in 2019 and 2021. I report only 2 student subgroups as Asian and Black student
subgroups only have 3 and 2 schools where data is not muted for both years.

The magnitude of Jack et al. (30)’s estimates indicate that in future pandemic situations
school districts should focus on providing in-person instruction to reduce learning losses.

I utilize the district level data from the full sample in the Jack et al. (30) paper and estimate

the following by state:

%opassy = o+ Br(%oInPersony) + Ba(YoHybridy) + B3 X + v + 0 + €u (2.1)

where i represents districts, ¢ is the year, pass;; is the pass rate for a specific subject in
district ¢ during year ¢, %InPerson; is the share of days in-person in 2021, X, contains
district level demographics (share White, share Black, share Hispanic, and share FRPL)
in year ¢. -, includes district fixed effects to capture unobserved time-invariant district
characteristics that may affect pass rates and I include J; which is a time fixed effect to
control for time-varying shocks that may occur over the sample period and affect all
districts. I present the results from Jack et al. (30) with the results from specification (2.1) in
Table 2.2. Table 2.2 allows me to compare the magnitude of the coefficients for each state
in Jack et al. (30)’s sample. Colorado is an outlier in that the magnitude of the coefficient is
much smaller. I run the analysis by state and there are a few states that drive these results.
Mississippi would see a potential 25 percentage point reduction in pass rate losses in Math
and Ohio, Virginia, and Wisconsin would all see a 13 percentage point loss reduction or

more by transitioning from fully virtual to fully in-person learning. Colorado appears to
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Table 2.2: The Effect of In-person Learning on District Pass Rates by State

ELA  Jacketal. CO CT MA MN MS OH R VA WI WV WY
%In Person  0.081°*  0.029 0.137°* 0.032° -0.073"* 0.05* 0.106" 0056 0.027° 0.089"* 0.067 -0.013
0.010)  (0.013) (0.019) (0.014) (0.011) (0.010) (0.010) (0.049) (0.012) (0.005) (0.050) (0.085)

%Hybrid  0.061**  0.011 0.108* 0040 -0.058** 0.060** 0.077** 0.048 0.061** 0.054** 0044 -0.029
0.012)  (0.016) (0.021) (0.007) (0.010) (0.009) (0.009) (0.043) (0.008) (0.011) (0.048) (0.090)

Math _ Jacketal.  CO CT MA MN MS od RI VA WI WV WY
%In Person  0.1407*  0.063°* 0.099"* 0.033*  -0.001 0.250* 0.151" -0.040 0.153"* 0.137°~ 0.138* 0.017
(0.014)  (0.008) (0.009) (0.015) (0.008) (0.010) (0.005) (0.033) (0.016) (0.006) (0.058) (0.022)

%Hybrid ~ 0.078*  0.016  0.044 0.033** -0.025" 0.149** 0.089** 0026 .070** .043** 0.117* -0.029
0.014)  (0.016) (0.027) (0.008) (0.013) (0.016) (0.012) (0.048) (0.013) (0.013) (0.055) (0.102)

N 10756 614 786 1136 1659 656 2742 108 660 1976 275 144

Results are from specification (2.1). Table 2.2 All regressions are weighted by district

enrollment and include: a) district fixed effects; b) year fixed effects demographic controls

(race/ethnicity shares, share of students eligible for free or reduced price lunch [FRPL], and

share of English language learners [ELL]); d) county-level unemployment rates from the U.S.

Bureau of Labor Statistics averaged by school year from June-May for 2016-2021; e) district

enrollment; and f) test participation controls.; Robust Standard errors clustered at the

District level in parentheses. Variables are bound between 0 and 1 and coefficients indicate

the percentage point reduction in learning loss by going from 100% virtual instruction to

100% in-person or hybrid.
show a much more modest loss reduction with 6 percentage points in mathematics and
3 percentage points in ELA testing. In states like Mississippi and Virginia policymakers
have a strong argument to transition to in-person learning to avoid significant learning
losses. Policymakers in states like Colorado and Rhode Island would have a more difficult
time arguing for a full transition to in-person learning modes. States like Minnesota
spent approximately 85% of the year in hybrid or virtual learning modes. The negative
coefficients for Minnesota is difficult to interpret as 66% of that school year was spent in
hybrid learning modes.

Tables 2.1 and 2.2 motivate the school level analysis to explore the heterogeneity that
exists within districts. The impact of in-person instruction is largely driven by a few states
in the sample. School-level analysis will provide better insight to policymakers in Colorado
and encourage this unit of analysis for each state in the future. In-person instruction may
be the best policy option for some states in future pandemic situations but this may not be
the case for every state in the sample.

I report coefficients on participation rate to address the relationship between instruction

mode and performance while controlling for participation. The small coefficients in Table
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2.2 imply that the policy push for in-person instruction in Colorado may not be the most
appropriate however it might be the case that certain regions and demographic groups are
more sensitive to changes in learning modes and this would mean that some school boards
may have stronger arguments to transition to in-person learning within districts. Jack et al.
(30)’s concern regarding the biased estimates due to the large declines in participation
present in Table 2.1 motivate my inclusion of minority and white participation rates in the
school-level analysis.

I analyze the role of in-person instruction at the school and district level in Colorado.
The findings are as follows: (1) School-level analysis across all grades show no statistical or
economic significance for the impact of in-person instruction. While grade-level analysis
suggests in-person instruction can reduce learning losses in specific test grades like 6th
grade Math, in the aggregate I find little statistical /economic significance. (2) Regional
results suggest that suburban schools may experience reduced learning losses by 3-6
percentage points in Math, but no impact in ELA. (3) School-level results for disaggregated
performance indicate that minority and white pass rates would not see a reduction in
learning loss by moving to fully in-person instruction, but the coefficient for participation
rates is positive and significant indicating that higher performing minority students has
lower participation rates in the 2020-2021 school year.

The following sections outline the data and methods used in the analysis. I then present
district level summary statistics and results for the district and school level analysis and

conclude with policy implications and areas for future research.

2.3 Data and Methods

2.3.1 District-Level Data

This paper utilizes three sources of data from the Colorado Department of Education
(CDE), CSDH, and the National Center of Education Statistics (NCES). Schooling mode

data are drawn from the COVID-19 School Data Hub (Jack et al.). District demographic
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data is from the NCES. The CSDH updates Colorado learning modes monthly for the
2020-2021 school year. The learning mode data is constructed using each time period’s
schooling mode classification, the length of the time period, and the district. The total
number of student-days spent in each schooling mode is then calculated for each district
for the entire 2020-2021 school year. The days for each mode are then divided by the total
number of district-level student-days to generate shares by schooling mode. In-person
instruction indicates that schools were open for in-person attendance, but students may
still have had the opportunity to attend virtually. The primary outcomes are pass rates
for students in Grades 3-8 in ELA and Math, as measured by the share of students who
meet or exceed expectations in ELA or Math on state assessments. The district level
sample includes Colorado schools that administer grades 3-8 ELA and Math assessments
from 2015-2022. Colorado tested odd grades 3,5, and 7 in ELA and even grades 4, 6,
and 8 in Math for the 2021 school year. I follow Jack et al. (30) in using district-level
participation data to show robustness to variation in participation. Demographic data
from the NCES includes district-level information on the share of enrolled students by race
and ethnicity, English language learner (ELL) status, and eligibility for free and reduced
price lunch (FRPL). I utilize pairwise correlations that incorporate the average case rate
from the COVID-19 School Data Hub to capture the possible role of variation in COVID-19
case rates in driving district’s decisions to adopt a particular learning mode. I also run
correlations between in-person schooling and the share of Republican votes by county in
the 2020 national elections to control for political explanations for some of the variation in

in-person instruction.

2.3.2 School-Level Data

The CDE provides school-level performance data for the Colorado Measures of Aca-
demic Success (CMAS) by race and FRPL status. This allows for direct estimation of the

impact of in-person learning on specific demographic group performance. In the CDE,
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disaggregated school-level data, pass rates are muted if the number of valid scores is
less than 16. This means that schools with less than 16 students of a specific subgroup
will have their group’s scores muted but they are still included in the school-level data.
Schools may also have muted performance data with greater than 16 students of a specific
subgroup but less than 16 valid scores due to lack of participation. Minority representation
in Colorado schools is low, and minority students exhibited much lower participation
rates in 2021. In order to produce estimates to identify the impact on minority students, all
minority groups are combined into a single group. This allows me to test the vulnerability
of subgroups to in-person treatment. The school-level data is merged with regional codes
from the NCES. The NCES classification, which relies on the standard urban and rural
definitions developed by the U.S. Census Bureau, is used to classify regions into four cate-
gories: city, suburban, town, and rural. I combine town and rural classifications because
both classifications are at minimum 10 miles from an urbanized area and neither have
population requirements. This combination creates three distinct categories of city, suburb,
and rural. The regional codes allow for further exploration of demographic subgroups.
When participation rates are sufficiently high, I estimate Minority and White pass rates by
region as well. I follow Jack et al. (30) and weight each school-level regression by school
enrollment to address the potential bias that could arise from enrollment declines and the
possibility that these declines could be more prevalent with specific learning modes and

contain students or specific performance levels.

2.3.3 District-Level Methods

I first estimate the determinants of in-person instruction mode. Grossmann et al. (25)
tind that decisions to reopen schools to in-person instruction were more tied to local
political partisanship. I check correlations by regressing the share of in-person instruction

on various demographic characteristics at the district level with the following;:

%InPerson; = 5 X; + ¢ (2.2)
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Where %InPerson; is the share of in-person instruction days for district i and X; includes
potential determinants of in-person schooling like Republican vote-share in the 2020
election, percent of free and reduced students, minority student shares, covid-case rates by
county, and the previous pass rate by district.

I identify the impact of variation in learning modes on performance at the district level.

I estimate the following:

%opassy = o+ P1(%InPersony) + Bo(YoHybridy) + X + v + 04 + €u (2.3)

where ¢ represents districts, ¢ is the year, pass;. is the pass rate for a specific subject in
district ¢ during year ¢, %InPerson; is the share of days in-person in 2021. I code each
year prior to the 2020-2021 school year as 100% in-person. I follow Jack et al. (30) and scale
each variable between 0 and 1. This allows for a comparison of estimates. The bound
between 0 and 1 means that the coefficients of interest are interpreted as the reduction in
learning losses by transitioning from 100% virtual to 100% in-person or 100% hybrid. X,
contains district level demographics (share White, share Black, share Hispanic, and share
FRPL) in year ¢. 7; includes district fixed effects to capture unobserved time-invariant
district characteristics that may affect pass rates and I include J, which is a time fixed effect
to control for time-varying shocks that may occur over the sample period and affect all
districts. I use fixed effect estimation because the unobserved heterogeneity is assumed
to be constant. I use robust standard errors clustered at the district level in ;. The
standard errors are clustered to account for heteroskedasticity. Independent variables are
not random and the model exhibits no multicollinearity. Enrollment declines are a concern
in the district and school level analysis. If the declines are larger in areas with more virtual
learning, and the group who exits the system has systematically higher or lower test scores,
this could bias the results. All regressions are weighted by district enrollment in the district

analysis section and by school enrollment in the school section each regression.
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I use grade level analysis by test to provide a robustness check which incorporates a

similar estimation strategy to that in equation (2.2) with the following;:

Yopassig = a+ L1 (%oInPerson;) + Bo(NHybridy) + Xi + i + 61 + Get + i (2.4)

where the only change is the dependent variables pass;,, which is the pass rate for a specific
subject in district 7 in grade g during year ¢.

The grade level analysis provides a robustness check by analyzing variations in the
value of in-person learning by age group and, additionally, to the extent that there are
changes in the size of these grades as a result of the pandemic, it is possible that these
changes could be driving the overall impact.

To explore demographic variation in the effect of in-person learning, I estimate regres-
sions with interactions between demographics and schooling mode and the treatment year

for the pandemic. The regression takes the following form:

%opassy = o+ Br(%oInPersony x Xy) + Bo(ToHybridy « Xy) + Xy +vi + 0 + i (2.5)

The regressions include interactions between race and ethnicity or FRPL shares and the
in-person and hybrid variables. The regression includes baseline interactions between
demographic variables and schooling mode. Specification (2.4) allows effects of in-person
shares to vary by race. For example, the impact of in-person instruction may vary depend-
ing on the district’s Black student composition. I estimate this at the district and school

level and results are reported in Table 3.7 in the appendix’.

?] estimate the (2.5) at the school level and report results in Table 3.8 in the appendix. Estimates are statistically
insignificant and much smaller in magnitude compared to Jack et al. (30)
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2.3.4 School-Level Methods

I tirst estimate the impact of district level learning modes on school-level pass rates by

region with the following:

Jopasssg = o+ B1(%InPersony) + Bo(YoHybridy) + Bs X + Vs + 0 + €t (2.6)

where pass,, is the pass rate for school s in grade g in year ¢. The %InPerson and %Hybrid
variable still accounts for district level policies as Colorado only reported changes in
learning modes at the district level. The variable X, contains school level demographics
(share White, share Black, share Hispanic, and share FRPL) in year ¢. I follow Jack et al. (30)
and include the school level participation rates in X, as well. The decline in participation
rates presents selection issues but I observe school level participation rates and control
for them. Each regression is weighted by school enrollment to address the concern that
enrollment declines may be larger in areas with more virtual learning, and to the extent
that the group who left the system has systematically higher or lower test scores, this
could bias the results (17; 30). I include v, for school fixed effects to capture unobserved
time-invariant school characteristics that may affect pass rates and I include ¢, which is a
time fixed effect to control for time-varying shocks that may occur over the sample period
and affect all schools. The standard errors are clustered at the district level because the
schools are nested within the districts and the policy variable is at the district level. Policy
changes impact all schools within that district and as a result the within-district errors
are likely not independent of one another. Each regression here is weighted by school
enrollment.

In order to address the differential impact of the COVID-19 pandemic on marginalized
students I utilize the disaggregated data by demographic group to estimate equation (2.7).

I estimate the impact of the instruction mode on Minority and White pass rates. I include
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the variable part, which controls for the Minority and White student participation rate. I

run the following:

Yopasssge = a + Pr(%InPersony) + Po( N Hybridy) + Bspartsg: + BaXst + s + 0 + i (2.7)

where pass;y is the pass rate for the racial groups (Minority and White pass rates) in
school s in year t. The variable %InPerson is the share of days in-person in 2021 and
% Hybrid is the share of days spent in hybrid learning mode. I utilize the student subgroup
participation rate as a control in this regression. The variable X, contains school-level
demographics (share White, share Black, share Hispanic, and share FRPL) in year ¢t and
Iinclude v, for school fixed effects to capture unobserved time-invariant school charac-
teristics that may affect pass rates and I include ¢, which is a time fixed effect to control
for time-varying shocks that may occur over the sample period and affect all schools.
Standard errors are clustered at the district level.

Kurmann and Lalé (36) find evidence of greater access to in-person instruction in
schools with a larger share of white students, which they partially attribute to various
regional differences. I explore the relationship between in-person instruction and per-
formance by school regional classification in (2.8). I estimate the impact of district level

learning modes on school level pass rates by region with the following:

Yopasss = a + Bi(%oInPersony) + Bo(YoHybridy) + BsXa + s + 0 + it (2.8)

where passg is the pass rate for school s in year ¢. The %InPerson and %Hybrid variable
still accounts for district level policies as Colorado only reported changes in learning
modes at the district level. The variable X, contains school-level demographics (share

White, share Black, share Hispanic, participation rates, and share FRPL) in year ¢.
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2.4 Results

Colorado districts experienced high levels of alternative instruction modes in 2020-
2021. I present averages across all districts for instruction mode in Table 2.3. The largest
share of learning mode days are allocated to the hybrid learning mode at 43.8%. Hybrid
learning modes could vary from school to school, with some providing 4 days of in-

person instruction and some providing 1. Grossmann et al. (25) find that decisions to

Table 2.3: Instruction Mode Averages for Colorado

Districts % In-Person % Hybrid % Virtual

CO 136 28.9 43.8 27.3

reopen schools to in-person instruction were more tied to local political partisanship. I

present pairwise correlations from specification (2.2) in Table 2.4. Table 2.4 illustrates the

Table 2.4: Pairwise Correlations between In-Person Learning on District
Demographic and Pandemic Variables

Correlation Std. Errors

Prev Pass Rate -0.693 (0.362)
Share Black -2.193 (0.373)
Share Hispanic -0.104 (0.217)
Share FRPL -0.021 (0.168)
Share ELL -0.756 (0.323)
Avg Case Rate 1.073 (0.367)
Repub Vote Share 0.012 (0.002)

" Correlations across Colorado school districts. The share of in-person mea-
sures the share of time during the 2020-21 school year that the district offered
full time in-person instruction (rather than hybrid or virtual instruction).
"Prev Pass Rate" represents the average pass rate on state standardized
assessments for students in Grades 3-8 between 2016-2019. Demographic
variables include: a) the share of students who are Black (based on NCES
2020-21 data); b) the share of students who are Hispanic (based on NCES
2020-21 data); c) the share of students who are eligible for free and reduced
price lunch (FRPL) (based on NCES 2019-20 data due to changes in reporting
requirements in 2020-21. Results from specification (2.2). All variables are
bound by 0 and 1.
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relationship between various demographic characteristics and Colorado districts in-person
learning. The table demonstrates the raw pairwise correlations in the first column. Higher
case rates and Republican vote shares are positively correlated with higher shares of
in-person instruction whereas higher shares of minority students are negatively correlated
with in-person instruction. Districts with higher shares of low-income students are also

negatively correlated with in-person instruction.

2.4.1 District-Level Results

Table 2.5 illustrates the effect of instruction mode on performance at the district level
in Colorado. Moving across columns within subjects, I add area-year fixed effects for
progressively smaller areas. The coefficients demonstrate no significance and less stability

relative to Jack et al. (30) with the inclusion of the county year fixed effects. The results are

Table 2.5: The Effect of In-Person Schooling on District-Level Pass Rates

Test Format Math ELA

%In Person 0.040 -0.007 0.018 -0.026
(0.013) (0.008) (0.028) (0.038)

%Hybrid 0.008 -0.036 0.012 -0.024

(0.029) (0.029) (0.030) (0.048)
Commuting Zone X Year FE  Yes No Yes No
County X Year FE No Yes No Yes
Observations 614 614 634 634

" Results from specification (2.3).Regression replicates A from Jack et al. (30).
Table 2.4 shows the relationship between district in-person share, hybrid
share, and pass rates in Math and English Language Arts (ELA) on state
standardized assessments for students in Grades 3-8. Virtual share is the
reference group. I present Columns 1 and 3 with commuting zone fixed
effects, and county-year fixed effects in Columns 2 and 4. All regressions are
weighted by district enrollment and include: a) district fixed effects; b) year
fixed effects demographic controls (race/ethnicity shares, share of students
eligible for free or reduced price lunch (FRPL), and share of English language
learners (ELL); d) county-level unemployment rates from the U.S. Bureau
of Labor Statistics averaged by school year from June-May for 2016-2021; e)
district enrollment; and f) test participation controls. Robust Standard errors
clustered at the District level in parentheses.

statistically insignificant and the magnitude is small relative to the findings from Jack et al.
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(30) who found with a full sample of 11 states that moving a district from 100% virtual to
100% access to in-person learning would have reduced pass rate losses in Spring 2021 by
13 to 14 percentage points in Math and about 8 percentage points in ELA. The results here
indicate that Colorado district’s pass rates declined less relative to the other states in their
sample to changes in learning mode at the district level and further reinforce Colorado as
an outlier in the sample.

I use grade level analysis to provide a robustness check from (2.4). Jack et al. (30)’s
analysis finds that when they run analysis by grade the significance and magnitude
remains largely unchanged with all states in the sample. Colorado only tested odd grades
in ELA and even grades in Math in the 2021 school year and this could contribute to the
smaller effects present in Table 2.6. The in-person and hybrid learning mode exhibited no
statistical significance in Table 2.5 but the grade level analysis shows that 4th grade Math
may exhibit some reduction in learning loss by transitioning to in-person learning but the
magnitude is smaller indicating a 6 percentage point reduction in learning loss for 4th
grade Math. The literature suggests that in-person learning is particularly important for
students in Grades K-3 given that they are "still developing the skills needed to regulate
their own behavior and emotions, maintain attention, and monitor their own learning" (45),
which are each critical aspects of in-person learning. Colorado’s summary stats indicate
that hybrid learning modes were most prevalent in the state and this could suggest that
the mixed learning modes in Colorado incorporated enough in-person instruction to avoid
significant learning losses. The stratified testing method could also hide the impact because

early 3rd and 5th grade Math was not tested.
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Table 2.6: The Effect of In-Person Schooling on Changes in Pass Rates by Grade

Level
Math ELA

In-Person Hybrid In-Person Hybrid N
Grade 3 0.020 (0.030)  0.035(0.032) 553
Grade 4 0.066**(.027) 0.046(0.030) 512
Grade 5 0.056 (0.035)  0.041 (0.030) 558
Grade 6 0.044 (0.033) -0.047(0.039) 501
Grade 7 -0.009 (0.045) -0.030 (0.054) 558
Grade 8 0.053(0.091) 0.107(0.094) 460

" Table 2.5 estimates the impacts of in-person learning on student pass rates on state
standardized assessments by grade. Results from specification (2.4). Odd grades in ELA
and even in Math. Robust Standard errors clustered at the District level in parentheses, *
p < 0.10, ** p < 0.05, *** p < 0.01.

2.4.2 School-Level Results

Table 2.7 reports the results of specification (2.6). The first column assesses the overall
impact on all grades and the subsequent columns measure the impact by grade. At the
school level there is no statistical or economically significant impact of learning modes
on ELA pass rates but Math results indicate that transitioning from 100% virtual to 100%
in-person or 100% hybrid could reduce learning losses by 5 percentage points for all
grades. The grade level results indicate that this effect would largely be present in the 6th
grader’s performance. These results reinforce the district level findings and suggest that
for Colorado schools, it may not be necessary to transition full to in-person instruction as
most grades do not see a substantial reduction in learning loss. Jack et al. (30) note that the
hybrid learning mode has significant variation in how they measure this in the COVID-19
School Data Hub (CSDH, 2022). These could be four days in-person and one virtual or one
day in-person and four virtual. Colorado districts spent about 44% of the pandemic school
year in hybrid learning modes and districts likely altered between 1 and 4 days a week in
in-person schooling.

The school and district level demonstrate a small marginal benefit in terms of reducing

learning losses by incorporating more in-person instruction, but Table 2.8 provides the

41



Table 2.7: The Effect of In-Person Schooling on School-Level Pass Rates

ELA Math
Pass Rates All 3rd 5th 7th All 4th 6th 8th
% In-Person -0.006 0.016 -0.019 -0.027 0.046 0.042 0.121*** -0.002
(0.035) (0.044) (0.063) (0.051) (0.031) (0.044) (0.041) (0.096)
% Hybrid -0.016 -0.020 0.024 -0.022 0.051* 0.043 0.096* 0.053

(0.041) (0.050) (0.073) (0.073) (0.029) (0.050) (0.058) (0.111)
Participation Rate 0.050*** 0.061  0.126 0.123* 0.082 0.136** -0.011  0.104
(0.019) (0.041) (0.087) (0.062) (0.057) (0.060) (0.036) (0.082)

Observations 9128 2003 2035 931 6659 1489 830 612

Results from specification (2.6). All regressions are weighted by school enrollment and

include: a) school fixed effects; b) year fixed effects demographic controls at the school

level from the Colorado Department of Education (CDE) (race/ethnicity shares, share

of students eligible for free or reduced price lunch [FRPL]). Robust Standard errors

clustered at the District level in parentheses.
impact of instruction mode by Minority and White pass rates. Looking at the observations,
much of the minority performance data suffers from having less than 16 students reported
for that school. This is a result of less diversity within schools as well as the decline in
participation rates. The first column illustrates the impact of moving from fully virtual
to fully in-person or hybrid on minority pass rates and the second column highlights the
impact on white pass rates. The instruction mode exhibits no statistical significance for
either group’s pass rates. The minority student pass rate has a positive and significant
relationship on the minority pass rate. This could mean that higher performing minority
students participated at lower rates relative to their lower performing peers. If this is
the case, then Colorado could improve pass rates by ensuring that participation levels
remained as close as possible to the pre COVID-19 levels. It is important to note that
lack of significance for the in-person instruction does not imply that COVID-19 did not
disproportionately impact marginalized populations. Colorado might exhibit less minority
representation relative to the other states in Jack et al. (30)s” sample. It also incorporated
stratified testing and the CDE mutes data with less than 16 observations. In order to fully

understand the impact of instruction by demographic group administrative data would

be required but Table 2.8 highlights the concerns presented by Jack et al. (30) in that the
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Minority student participation decline is likely to bias the estimates in favor of finding a

positive impact of in-person instruction.

Table 2.8: Effect of In-Person Schooling on Pass Rates by Racial Group in Colorado Schools

ELA Pass Rates Minority White

% In-Person -0.023 -0.015
(0.036) (0.037)
% Hybrid 0.018 -0.039

(0.056)  (0.046)
Participation Rate  0.146*  0.061
(0.048)  (0.049)

Observations 2476 5007
Math Pass Rates ~ Minority White
% In-Person 0.008 0.021
(0.034) (0.059)
% Hybrid 0.026 0.038

(0.042)  (0.060)
Participation Rate  0.107**  0.079
(0.051)  (0.066)

Observations 1703 4025

Results from specification (2.7). Table 2.8 incorporates the same controls used in Table
2.6. Table 2.8 alters the dependent variable to capture White and Minority pass rates.
Standard errors are clustered by district and are reported in parentheses. All regressions
are weighted by school enrollment. Robust Standard errors clustered at the District level
in parentheses.

I conclude the results by exploring the regional concerns. It may be the case that schools
under specific regional classifications dealt with changes in learning modes differently. I
present the results from equation (2.8) in Table 2.9. I see some of the heterogeneity at the
school level. Suburban schools saw a reduction in learning loss by 6 percentage points in
Math by transitioning from fully virtual to 100% in-person instruction and a 3 percentage
point reduction by moving from fully virtual to hybrid. Rural schools demonstrate a similar
impact of transitioning from virtual to hybrid. City schools demonstrate no significance
but if a large share of the minority students are concentrated in the city, then decline in

pass rates can explain the negligible impact of learning modes here.
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Table 2.9: Effect of In-Person Schooling on Pass Rates by Region in Colorado Schools

ELA Pass Rates Rural Suburb  City

% In-Person -0.060 -0.027 0.014
(0.064) (0.032) (0.034)
% Hybrid -0.068 -0.073* 0.022

(0.067) (0.041) (0.054)
Participation Rate 0.116** -0.000  0.042
(0.051) (0.038) (0.045)

Observations 3095 3171 2862
Math Pass Rates ~ Rural Suburb  City
% In-Person 0.068*  0.060**  0.019
(0.035) (0.026) (0.036)
% Hybrid 0.055 0.036**  0.073

(0.044) (0.017) (0.060)
Participation Rate  0.040  -0.001  0.181
(0.066) (0.048) (0.123)

Observations 2294 2307 2058

Results from specification (2.6). Table 2.7 incorporates the same controls used in Table
2.6. All regressions are weighted by school enrollment. Robust Standard errors clustered
at the District level in parentheses.

2.5 Conclusion

The results from both district and school level analyses suggest that Colorado may have
been an outlier in the sample studied by Jack et al. (30), but these results could be affected by
limited performance data for minority students. Specifically, the findings here suggest that
school board members in suburban schools could reduce learning losses by implementing
more in-person instruction during future pandemics. However, outside of this specific
subgroup, further data analysis would be needed to provide recommendations. Additional
analysis with student-level administrative data may further reinforce the findings of Jack
et al. (30). The findings indicate that higher participation rates are positively related with
higher pass rates. In future disaster related events it would be important for schools
to ensure that all students can easily access and participate in the assessments to gain

accurate data and reduce the muting of school-level observations. This will be particularly
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important for more vulnerable student groups who experienced participation declines and
exhibit less representation in the schools overall.

To expand on this research, future studies should include a disaggregated school-level
analysis for the states with the largest coefficients reported in Table 2.7. For example, Mis-
sissippi, which has a student population composed of 51.5% Black and Hispanic students,
could be a great starting point. Although such states may have also experienced signifi-
cant participation declines, the diverse racial composition would mitigate the limitations
imposed by insufficient data, enabling analysis specific to different racial groups. This
would enable a direct estimation of the impact of learning modes on the pass rates of Black
and Hispanic students, thus advancing our understanding of how learning modes can
affect more vulnerable populations. In addition to these outlined areas, future research
should include analysis on other performance outcomes. Studying the impact of these
learning modes on on-time graduation rates would help to contribute to the literature on
school disruptions and how they impact major milestones in student’s academic careers.

Future analysis would also benefit from school-level instruction mode data to allow
for better policy prescription to school administrators. Detailed breakdowns of the hybrid
learning modes would provide better insight as well. The fact that some hybrid modes are
largely in-person and some are largely virtual makes the hybrid learning mode coefficients
difficult to interpret and provides little in the way of learning mode recommendations.
The variation in hybrid learning modes could also explain the smaller magnitude and
lack of statistical significance in the results. If hybrid modes are largely composed of 4
days of in-person instruction then this would mean that districts hybrid mode look very
similar to fully in-person instruction modes. It would also help to better understand the
quality of the instruction (22). Virtual learning may become a realistic alternative given
schools have the resources and training to provide high quality instruction. In Colorado’s
case, city schools experienced higher levels of virtual learning relative to other regions

but city schools also experienced larger participation declines. Diliberti and Kaufman (19)
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note that high-poverty schools may have had limited access to internet and technology

resources and this could be a primary determinant of the participation declines.
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Chapter 3
Student Athlete Support Services and
Performance: Evidence from Colorado State

University

3.1 Introduction

Colorado State University enrolls approximately 380 student athletes each year and
on average the University allocates 214.1 athletic scholarships annually (46). Many of
the student athletes at the University participate in the Student Athlete Support Services
(SASS) program to assist them in their academic careers. SASS programs are prevalent
across universities and these programs recognize the unique student athlete population
(26).

The facilitation of National Collegiate Athletics Association (NCAA) athletics depends
on the consistent signing of talented student athletes. Student athletes enter the University
with varying levels of academic preparation. Policies like Proposition 48 mandate mini-
mum ACT/SAT scores and require a minimum grade point average (GPA) for students to
be admitted. The goal of these policies is to prevent the recruitment of athletes who are
woefully unprepared for the academic setting in a university (27). The NCAA introduced
the Bylaw 14.3.1.1.1 in 2003 which allows college coaches to recruit student athletes who
achieve a minimum score of 400 on the SAT and a high school GPA of 3.55. This Bylaw
serves as a subject of controversy as high-school GPA’s could be inflated to ensure a student
athlete’s eligibility (42). An NCAA study conducted from 1975 to 1980 found that less than
half (42.9%) of Division 1A football student athletes graduated college (16). This implies
that there are still a number of student athletes that enter universities with an incomplete

tool-kit to succeed. In 1991, NCAA Division I membership adopted a proposal mandating
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academic counseling and tutoring services for all Division I student-athletes. The list
of services expanded in 2002 permitting institutions to finance any academic-support
services determined to be appropriate and necessary for student athletes” academic suc-
cess (42). Colorado State University serves as an excellent candidate for a case study of
student-athletes and academic performance.

There is a rich literature on the positive effect of support services (53; 44; 39; 15; 13),
however, this literature focuses on the general student population. Hollis (28) provides a
theoretical framework for SASS programs. She states that programs like SASS are justified
by equal opportunity theory. Mithaug (43) defines equal opportunity theory through two
interventions: "The first intervention builds individual capacity to self determine—that
is, make choices. The second intervention builds opportunity by decreasing obstacles."
Hollis (28) notes that SASS programs are built on the second intervention and studies the
relationship between these support services and graduation rates. She finds an inverse
relationship between services offered by institutions in the study and the student-athlete
graduation rate. She describes the development of SASS programs as a response to the
admission of students with weaker academic profiles and finds that high-school prepara-
tion and college entrance exam scores are stronger predictors of college performance than
support services offered. Dilley-Knoles et al. (20) look at the impact of support services
on cumulative GPA and find that academic support programs were successful in terms
of producing a 3.0 GPA for female student-athletes, but not for male student-athletes.
Routon and Walker (49) uses propensity score matching to identify the impact of athletic
participation on average GPA and find that participation generally has a negative effect.

I build off of the student athlete analysis from Dilley-Knoles et al. (20) and Hollis (28)
by using fixed effect regressions and including semester GPA as my outcome variable.
This provides better insight into the immediate impact of support services. I include
individual and semester fixed effects in all of my regressions to control for time invariant

characteristics and the major institutional changes that occur over the student athlete’s
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time at Colorado State University. The two-way fixed effect model explores the within
student relationship between support services and semester GPA as opposed to team
variation. In this paper I use two administrative data sets to create a sample with two
cohorts (Fall 2016 and 2017) of student athletes and develop a student semester panel that
follows these cohorts through the spring semester in 2021. I demonstrate the variation
in academic preparedness by reporting baseline characteristics for student athletes like
entrance exam scores, high-school GPA, and minority composition and compare these
baseline characteristics with the general student population.

I study the relationship between the four types of support services objective-based
study hall, mentoring, tutoring, and academic skill development and student athletes’
semester GPA and credit earned ratio at Colorado State University. I estimate regressions
with student and semester fixed effects to identify the relationship between the support
services and semester GPA. I find that during semesters in which student athletes receive
intensive support services, like tutoring, they earn lower GPAs. In semesters where student
athletes receive less intensive support services, like mentoring, they earn higher GPAs.
The student athlete sample exhibits negative selection in this study because the student
athletes are more likely to seek out or receive support services in semesters when they are
struggling. This means that support service estimates are likely to be biased downward.

The following sections describe the support services. I outline the data and methods
used in the paper. I present summary statistics for baseline characteristics and discuss the
selection issues present in the paper. I then present the results of the analysis and conclude

with discussion of results and ideas to extend the research in the future.

3.1.1 SASS

Colorado State University follows the structure of several different Division 1 Univer-
sities that offer support services. SASS department offers a variety of services that are

designed to assist the student athletes in their academic pursuits. The University helps
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maintain the eligibility of athletes by hiring a variety of learning strategists in the depart-
ment of student athlete support services. I describe the four types of support services in
order from least intensive to most intensive including:

Objective-Based Study Hall: Objective-based study hall provides all student athletes
an opportunity to build good study habits and skills through independent work. This is
coordinated by a study hall monitor who navigates the room and encourages students to

complete certain objectives throughout the session.

Mentoring: Mentoring is designed to support student-athletes who have individual
learning challenges as they develop academic skills and progress towards academic in-
dependence. It consists of one-on-one meetings in which student athletes are closely
monitored by an academic mentor to ensure that the student athlete remains diligent and
completes the tasks at hand. Mentors are assigned by academic coordinators to student
athletes who have the capacity to complete their assignments but need some assistance

with paying attention to all details of an assignment.

Tutoring: Tutoring utilizes specialists in specific content areas to assist the student athletes
understanding and retention of course-specific material. Tutoring in SASS is distinct from
other course tutoring as tutors cannot assist in completion of course assignments. Tutors
must develop problem sets that mimic homework or exam questions or use supplementary
textbook problems. Tutoring differs from mentoring as students generally would not have

the capacity to complete their assignments without the additional course specific training.

Academic Skill Development: Learning specialists offer highly intensive monitoring in
which student athletes engage in one-on-one sessions to focus on academic skill develop-
ment. Learning specialists have an educational background and focus on implementing
skill specific goals throughout the semester with student athletes. This type of monitoring
is assigned by academic coordinators and assists student athletes who are diagnosed with

a learning disorder, cognitive challenges, or academic under-preparedness.
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The services are set in place to meet the student’s needs and ensure GPA requirements
are met. Student athletes vary with respect to support services received on the extensive
margin (i.e. whether they receive support services or not) and the intensive margin
(i.e. how much support they receive). Academic coordinators will determine whether
student athletes require more or less support and in some cases student athletes will
communicate to their coordinator that they would like to receive additional support. The
process is continuous and students will be subject to an increase or decrease in support
services in subsequent years depending on their performance each semester. Students may
receive multiple services simultaneously. For example, a student could have academic

skill development and tutoring sessions in the same week.

3.2 Data and Methods

3.2.1 Data

I use two sources of administrative data from Colorado State University. The first
source of data comes from Colorado State University’s SASS and contains data on support
services for student athletes. I observe each student athlete’s meeting type, frequency, date,
and duration of each meeting from the Fall 2016 semester to the Spring 2021 semester. I
aggregate this meeting data to semester-student observations by summing each meeting
type and summing student athlete’s total hours in meetings for each semester. I use the
SASS data to build a set of indicator variables for reception of each type of service in the
semester and these serve as the primary variables of interest in the analysis. The SASS
data has dates for each meeting that I use to construct an indicator variable for reception of
services in the first 4 weeks of the semester. This variable captures the early intervention
of support services. The early reception indicator is generated for each type of support
service (i.e. early mentoring, early tutoring etc.).

The second source of data comes from Colorado State University’s Institutional Re-

search, Planning and Effectiveness (IRPE). The IRPE data includes data on all students at
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Colorado State University. It includes an indicator variable for student athlete but this
variable is incomplete and thus my sample for each cohort is smaller than the average
380 student athlete population that enters each year. I use the athlete indicator variable
from IRPE to include student athletes who do not ever participate in the SASS. The IRPE
data includes my main dependent variables of semester GPA and credit earned ratio
each semester. It also includes individual characteristics like minority status, gender,
high-school GPA, ACT/SAT score, and Pell grant eligibility. Time invariant individual
characteristics are captured in my individual fixed effects.

I merge the student athlete data from SASS with IRPE data from 2016-2021. The 2016-
2021 sample period allows me to observe the Fall 2016 and Fall 2017 cohorts for a four
year period so I restrict the sample to these two cohorts. The students from each cohort do
not necessarily appear in each semester. Some students leave the University throughout
the sample. I have a panel data set of 100 student athletes in the Fall 2016 cohort and 96

student athletes from the Fall 2017 cohort.

3.2.2 Summary Statistics and Selection Issues

Student athletes are not ignorant to the college wage premium, but many student
athletes recognize that a large determinant of their acceptance lies in their athletic perfor-
mance. This means that SASS is more likely to be subject to negative selection. Examples
of selection bias are common in health studies that recruit participants directly from clinics
and miss all the cases who do not attend those clinics or seek care during the study. In this
case, student athletes’ ability is related to their reception of services. Some student athletes
are more likely to receive support services. Students who are less academically prepared
are more likely to struggle during the semester and receive support services. Student
athletes with strong academic skills and high levels of motivation may not receive any

support services. The selection issues imply that the student athlete support services act as
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a tool to assist those who are already struggling and as a result the relationship between
support services and student’s semester GPA is likely to be negative.
I present summary statistics of the individual background characteristics for the two

student athlete cohorts and the Fall 2016 and Fall 2017 general student cohort in Table 3.1.

Table 3.1: Student Athlete and General Student Cohort Comparison

FA16 Athletes FA17 Athletes FA16 Student FA17 Student

Minority 0.38 0.40 0.24 0.26
First Generation 0.22 0.24 0.23 0.26
SAT 1072 1073 1209 1204

ACT 23.7 23.7 25.0 25.0

HS GPA 3.55 3.60 3.58 3.60

N 100 96 6370 6362

Table provides mean characteristics for the entering Fall 2016 and Fall 2017 student
athlete with the general student population.

Entrance exam scores are imperfect, but provide a standardized measure of academic
preparedness. Student athletes’” average SAT score is approximately 130 points lower than
that of the general student population and the mean ACT score is 1.3 points lower relative
to the general student population. Student athletes have more minority representation as
well. The Fall 2016 cohort has 12 percentage points more minority students than the general
students in 2016 and the Fall 2017 cohort increases the gap in minority representation to 14
percentage points.

In Figure 3.1°, I plot the two student athlete cohorts” semester GPA over time. The
student athlete cohorts are designated by the dashed lines and the general student cohorts
are solid lines. The two cohorts demonstrate variation in their first semester with the 2017
cohort beginning with an average cohort GPA of 3.0 and the 2016 cohort beginning with a
2.7 GPA.

Figure 3.1 tracks mean cohort GPA through 2021 and uses the 5th year for the Fall 2016 cohorts.
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Mean Cohort Semester GPA for Students and Athletes
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Figure 3.1: General Student versus Student Athlete Average Cohort Semester GPA Over Time

I plot the general student cohort’s semester GPA over time for comparison. The general
student cohort demonstrates a starting average of 2.9 for their semester GPA and each
cohort gradually trends upward from this point. However, prior to the pandemic, both
groups see a steady increase in mean cohort GPA and this increase coincides with students
taking more upper level courses at the University. The sharp increase in mean cohort
GPA from Fall 2019 to Spring 2020 is due to a change in the University’s grading policy
during the COVID-19 pandemic. When the pandemic forced alternative instruction modes,
the University allowed students to opt in to satisfactory/unsatisfactory grading. Neither
satisfactory nor unsatisfactory grades are counted in the calculation of GPA. This boosted
the semester GPA for all students. The semester fixed effects should control this change
in policy, but I nevertheless include analysis that ends in Fall 2019 as robustness check in

Table 3.9 in the appendix and the results are largely unchanged.
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Fraction of Athlete Cohort Receiving Services by Semester
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Figure 3.2: Support Service Meetings Over Time by Cohort

Figure 3.2 illustrates the declining support service meetings over time for the 2016 and
2017 student athlete cohort. All services drop from 76% in their first year to less than
20% in their final semester. Both cohorts demonstrate a similar decline in meetings. I
report the trends by support service type in the appendix in Figures 3.3 and 3.4. Intensive
support services like tutoring and academic skill development see steady declines over
the student athlete’s time at the University. Less intensive support services like mentoring
see fluctuations over time. These initial summary statistics highlight two main features.
First, student athletes demonstrate slightly lower academic preparedness relative to the
general student population based on entrance exam scores. This is also present in the
high proportion of student athletes receiving support services in their first years. Second,
student athletes demonstrate learning by doing as their mean semester GPA improves and

they see a steady decline in support services each semester.
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The analysis breaks students into two groups. Students who receive any support
service in a semester fall into the treatment group for that semester, and students who
do not receive any support service fall into the control group for that semester. This
means that the analysis will focus on the relationship between support services for the
individual student’s semester GPA when they receive services versus when they do not
receive support services. In Table 3.2, I illustrate the entrance characteristics for student
athletes who receive support services and student athletes who do not. Student athletes
who receive support services have mean SAT scores approximately 120 points lower than
student athletes who do not receive support services. Student athletes with meetings are at
least two times the minority composition of students who do not receive support services

and have higher levels of Pell recipients and first generation students as well.

Table 3.2: Athletes in Semesters with and without Services

Meetings No Meetings

FA 16 FA 17 FA 16 FA17

Minority 047 0.45 0.08 0.26
First Generation 0.25 0.28 0.08 0.15
SAT 1038 1050 1158 1223

ACT 229 229 26.4 259

HS GPA 3.52 3.50 3.62 3.90
Pell Recipient 0.28 0.24 0.04 0.19
N 284 292 278 347

Mean entrance characteristics for the Fall 2016 and Fall 2017 student athlete cohorts.
N illustrates the number of semester-student observations I have for each cohort. For
example, I see 284 semester-student observations in which students from the 2016 cohort
receive support services. "Meetings" indicates the group of student athletes who received
support services and "No meetings" is the group of student athletes who did not receive
support services.

Table 3.2 illustrates the negative selection at hand. Student athletes who have lower

mean entrance characteristics and lower levels of academic preparedness are more likely

to receive support services every semester they are enrolled at Colorado State University.
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This means that any positive impact of the support services is likely to illustrate the lower

bound for the benefit to the student athlete.

3.2.3 Methods

I first analyze the relationship between the reception of each support service and

student athlete’s semester GPA and credit earned ratio. I estimate the following:

Yie = 81Dt + N + 4 + €3t 3.1)

where Y}, is student i’s semester GPA or credit earned ratio in semester ¢t and D;; is
a binary indicator for reception of services. The model includes individual fixed effects
with \; to capture observed time-invariant individual characteristics like the students
race, gender, high-school GPA, Pell-grant-eligibility, and first generation status, which
may affect the student’s GPA as well and unobserved time-invariant characteristics like
academic preparation. I also include the semester fixed effects ji; to control for common
time-varying shocks and the steady increase in GPA illustrated in Figures 3.1 and 3.2. This
sample includes the onset of the Coronavirus Disease 2019 (COVID-19) Pandemic, which
impacted all students in the sample. I use fixed effect estimation because the unobserved
heterogeneity is assumed to be constant. Independent variables are not random and the
model exhibits no multicollinearity. I use robust standard errors clustered at the individual
level in €;;. The standard errors are clustered to account for heteroskedasticity. I cluster
standard errors at the student level and because the treatment occurs at the individual
level in this sample. Abadie et al. (1) note that clustering is not appropriate when sampling
assignments are random. The negative selection discussed in the previous subsection
indicates that the samples derived here are not random and therefore I cluster at the
student level. I do not have serial correlated errors because I cluster the errors on the

individual variable.
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Some support services are more likely to be subject to negative selection. I construct
indicator variables for reception of each support service separately and estimate the

following;:

Yie = B1D1it + BaDait + B3Dsir + BaDuair + i + pir + €3t (3.2)

where Y}, is student i’s semester GPA is semester t. Here D, is a binary indicator for
reception of a particular service. The model includes individual fixed effects with \; to
capture unobserved time-invariant individual characteristics. I include ; which denotes
the semester fixed effects to control for time-varying shocks that may occur over the sample
period and I use robust standard errors clustered at the individual student level in ¢;.

Even though my analysis includes individual fixed effects, it could still underestimate
the impact of support services in grades if students are more likely to receive services in
semesters that are particularly challenging. I attempt to identify the causal effect of support
services by exploiting data on when students receive their first support service session
each semester. I observe the date for each support service and I differentiate between
(1) early intervention support services and (2) support services in general. I construct
an indicator variable that turns on if the student athlete’s first support service session
takes place between weeks 1 and 4 of the semester. The estimation strategy will take the
following form:

Yit = B1Duit + Pae * Dijg + P3Doit + Sae % Doy + 5 D3 (3.3)
+ Bse * Dsip + BrDair + Pse * Dy + Xi + i + Wi

where Y, is student i’s semester GPA and credit earned ratio in semester ¢t. The variables
exD;, are indicator variables that turn on if students receive the particular service within the
first four weeks of the semester. The model includes individual and semester fixed effects.
The variable exD;; allows me to look at the temporal effect of support services. The selection
issues might be mitigated by early support service intervention. Early intervention could

indicate that student athletes are taking initiative to optimize performance that semester,
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or that their academic coordinators assign intervention early to minimize the probability
of failing a course. Students who first receive services after week 4 are more likely to be
subject to negative selection, where the student receives support services after struggling
on one or two exams.

I provide additional analysis to estimate the impact of support services at the intensive
margin by including continuous variables measuring the number of meetings for a partic-
ular service in a semester. The indicator variables estimate the effect of service reception
versus no reception, and the continuous variables estimate the effect of the number of

meetings each semester. I estimate the following;:

Yie = B1Ctii + Bae * Clag + P3Ctou + Pae x Clog + B5C 50 (3.4)
+ Boe * Ctgie + 57Ctair + Bse * Clair + Ai + fue + wit.

where Yj; is student i’s semester GPA or credit earned ratio in semester ¢. The variables
C't;i; are continuous variables that measure the count of meetings in a particular service
that the student attends in the semester. The variables e * Ct,;; are interactions between
indicator variables that turn on if students receive the particular service within the first four
weeks of the semester and the continuous variable that measures the count of meetings
for a particular service the student receives in a semester. The model includes individual
and semester fixed effects. The early intervention and continuous indicator measure the

relationship between early meeting count and the outcome variables.

3.3 Results

Table 3.3 illustrates the negative selection with reception of any service illustrating a
negative relationship with the student’s semester GPA and a negligible relationship with
their credit earned ratio. The results suggest that students” GPAs decline by 0.16 during the
semesters they receive any support services. This effect is presumably driven by negative
selection, in which student athletes who are struggling in a given semester receive support

services to maintain a passing grade.
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Table 3.3: Effect of Receiving Any Support Services on Semester GPA and Credit Earned Ratio

Semester GPA  Ratio

Reception of any Service -0.164" -0.015
(0.041) (0.009)
N 1187 1201

Results are from specification (3.1). Table 3.3 includes individual and semester fixed

effects. Robust Standard errors clustered at the individual level in parentheses. * p < 0.10,

< 0.05,** p < 0.01

Table 3.4 presents the results from specification 3.2. Separating the indicator by support
service type highlights tutoring’s negative relationship with both the student’s semester
GPA and their credit earned ratio. This support service is more intensive in that it re-
quires content specific engagement and detailed practice that cannot be related to specific
homework, exams, or writing assignments. This type of support service is more likely
to be driven by negative selection, because students who are struggling in a course are
more likely to receive an intensive support service like tutoring. Mentoring has a positive
relationship with the student’s semester GPA. This is an example of a less intensive service.
Student’s receive mentoring support services when they are generally comfortable with
the content for specific courses but may need assistance with checklist completion. It
is important to note that there could be positive selection present in the sample as well.
Without qualitative data it is impossible to capture the student athlete’s motivation. It may
be the case that more proactive student athletes seek out less intensive support services
like mentoring in order to keep themselves on task and focused throughout the semester.

I isolate the timing for the reception of support services and present the results in
Table 3.5. The indicator variable for the reception of the service without the early inter-
vention indicator turns on for reception of services at all. This means that the overall
impact of a particular service can be interpreted as additive. The intensive support ser-
vices like tutoring are robust to each specification indicating that this support service in

particular is subject to the negative selection issue. The early mentoring support service
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Table 3.4: Effect of Receiving Support Services on Semester GPA and Credit Earned Ratio

Semester GPA  Ratio

Mentoring 0.174* 0.11
(0.080) (0.021)
Study Hall 0.021 -0.20
(0.066) (0.024)
Tutoring -0.222%** -0.018*
(0.037) (0.007)
Academic Skill Dev -0.003 0.018
(0.091) (0.021)
Observations 1187 1201

Results are from specification (3.2). Table 3.4 includes individual and semester fixed

effects. Robust Standard errors clustered at the individual level in parentheses. * p < 0.10,

*p < 0.05 " p < 0.01.
intervention exhibits a strong positive relationship with a student athlete’s semester GPA.
The overall effect of mentoring is captured by adding the coefficients for mentoring and
early mentoring meaning the overall impact of receiving mentoring support services is
a —0.175 4+ 0.413 = 0.238 increase in GPA. Comparing the results in Tables 3.4 and 3.5
demonstrates that the benefit from mentoring comes primarily from early intervention.
The results from the early intervention specification further illustrate the heterogeneity
in support services. When student athlete’s feel comfortable with the course content and
receive additional support the combination can mitigate the negative selection issues.

I explore the intensive margin in Table 3.6. Tutoring remains robust to each specification
in that there exists a negative relationship between the number of tutoring sessions and
the student athlete’s semester GPA. The magnitude of the tutoring coefficient declines
substantially here indicating that the extensive margin specifications may be capturing
some late semester sessions where the student’s grade is already low. The early mentoring
count coefficient demonstrates a 0.03 increase in the semester GPA with an additional
meeting early in the semester. The mentoring count variable is negative here without

early intervention meaning that a large portion of the benefit student athlete’s gain from
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Table 3.5: Effect of Receiving Early Support Services on Semester GPA and Credit Earned Ratio

Semester GPA  Ratio

Mentoring -0.175 -0.045
(0.197) (0.074)
Early Mentoring 0.413* 0.069
(0.210) (0.070)
Study Hall -0.225 -0.94
(0.556) (0.230)
Early Study Hall 0.256 0.081
(0.545) (0.223)
Tutoring -0.200"** -0.008
(0.049) (0.011)
Early Tutoring -0.050 -0.020
(0.055) (0.013)
Academic Skill Dev -0.652 -0.120
(0.652) (0.110)
Early Academic Skill Dev 0.665 0.142
(0.654) (0.112)
Observations 1187 1201

Results are from specification (3.3). Table 3.6 includes individual and semester fixed
effects. Robust Standard errors clustered at the individual level in parentheses. * p < 0.10,
**p < 0.05, """ p < 0.01.

support services comes early in the semester. Increasing the number of meetings late in

the semester has no additional benefit.

3.4 Conclusion

Student athletes are a subset of the higher education population that have seen little
focus in the economic literature. Intercollegiate athletics and support service institutions
are costly and the efficacy of these support service institutions should be an area of concern.
Here I identify two cohorts of student athletes at Colorado State University and find
that negative selection is present in the sample because struggling students are more
likely to receive support services. I find that less intensive support services like academic
mentoring are positively related to a student’s semester GPA. Extending this analysis

to include course specific grades will provide better insight into the efficacy of tutoring
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Table 3.6: Effect of Meeting Count on Semester GPA and Credit Earned Ratio

Semester GPA  Ratio

Mentoring Count -0.021** -0.007
(0.010) (0.006)
Early Mentoring Count 0.031*** 0.008
(0.011) (0.005)
Study Hall Count 0.022 0.019
(0.051) (0.021)
Early Study Hall Count -0.024 -0.020
(0.050) (0.021)
Tutoring Count -0.016*** 0.000
(0.005) (0.001)
Early Tutoring Count 0.007 -0.001
(0.005) (0.001)
Academic Skill Dev Count -0.042 -0.008
(0.028) (0.005)
Early Academic Skill Dev Count 0.043 0.009*
(0.029) (0.005)
Observations 1187 1201

Results are from specification (3.4). Table 3.6 includes individual and semester fixed

effects. Robust Standard errors clustered at the individual level in parentheses. * p < 0.10,

* p < 0.05,** p < 0.01.
which is robust here and demonstrates a negative relationship with semester GPA. Course
specific grades could improve for students who receive tutoring for these courses. As
students allocate more time to studying a specific subject this could lead them to allocate
less time to their additional courses and their GPA could fall.

Maloney and McCormick (41) finds that the relatively poor performance of student-
athletes in high-profile sports (in comparison with non-athlete students) was isolated
to the playing season; these student athletes tended to fare better than their non-athlete
counterparts in the off-season. Collaboration between SASS programs and IRPE institu-
tions could allow for the development of complete athlete indicator variables that capture
the athletes sport. This would allow for additional analysis to estimate the relationship
between support service variables and outcomes in-season versus not. The sport indicator

would allow for support service analysis at the team level as well. Routon and Walker (49)
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find that participation in intercollegiate sports has a minor negative impact on performance
for the majority of student athletes relative to the general student population and that this
impact is more pronounced for male basketball players and football players. There could
be heterogeneity between sport when examining this relationship as well.

Future research here should focus on developing better identification strategies. Iden-
tifying scholarship versus non-scholarship student athletes would be a good first step.
Non-scholarship student athletes are "walk-ons" and this means that they received accep-
tance to the university based on their academic preparedness alone. Being able to initially
identify these student groups would reduce the selection issues at present. Clotfelter
et al. (13) studies the support service program offered at the University of North Carolina
at Chapel Hill and finds that improving graduation rates for disadvantaged students
requires both financial and non-financial support. Identifying "walk-ons" would allow for
differentiation between student athletes who have financial support versus those who do
not. Additionally, identifying mandated services versus voluntary services or identifying
specific teams that might have different restrictions would help reduce the selection issues
as well. Perfect identification is difficult to present with a subset of the student population
here but each meeting contains a qualitative assessment of the meeting that occurred.
Incorporating some qualitative analysis of the assessments could help to provide better

evidence of the quantitative results reported here.
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Appendix

Table 3.7: The Effect of In-Person Schooling on District-Level Pass Rates with Demographic
Interactions

Math ELA
Pass Rate Pass Rate Pass Rate Pass Rate PassRate Pass Rate
% IP * '21 0.036 0.055 0.028 -0.004 0.005 0.005
(0.044) (0.058) (0.060) (0.030) (0.040) (0.044)
% Hyb * 21 0.007 -0.018 -0.060 0.001 -0.035 -0.068
(0.044) (0.072) (0.0803) (0.039) (0.060) (0.069)
% Black * IP * 21 -0.044 0.619
(0.785) (0.932)
% Black * Hyb * "21 0.178 0.013
(0.681) (0.821)
% Hisp * IP * 21 -0.096 -0.040
(0.129) (0.090)
% Hisp * Hyb * 21 -0.068 -0.040
(0.171) (0.150)
% FRPL * IP * 21 0.005 -0.000
(0.114) (-0.01)
% FRPL * Hyb* "21 0.106 0.117
(0.165) (0.156)
CZ X Year FE Yes Yes Yes Yes Yes Yes
Observations 614 614 614 634 634 634

Results from specification (2.5). Table 3.7 incorporates the same controls used in specifica-
tion (2.4) but now I allow effects of in-person shares to vary by race. Standard errors are
clustered by district and are reported in parentheses. Robust Standard errors clustered
at the District level in parentheses.
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Table 3.8: The Effect of In-Person Schooling on School-Level Pass Rates with Demographic Interac-
tions

Math ELA
Pass Rate Pass Rate Pass Rate Pass Rate Pass Rate Pass Rate
% IP *'21 0.062** 0.078** 0.055 0.021 0.037 -0.003
(0.024) (0.036) (0.048) (0.039) (0.051) (0.060)
% Hyb * 21 0.032 0.023 0.031 -0.013 -0.007 0.003
(0.020) (0.029) (0.026) (0.040) (0.035) (0.038)
% Black * IP * 21 -0.339* -0.340
(0.173) (0.359)
% Black * Hyb * 21 0.107 0.231
(0.272) (0.330)
% Hisp * IP * 21 -0.032 -0.071
(0.041) (0.068)
% Hisp * Hyb * 21 0.099*** -0.064*
(0.031) (0.038)
% FRPL * IP * "21 0.008 0.023
(0.048) (0.051)
% FRPL * Hyb* "21 0.030 -0.053*
(0.033) (0.029)
Observations 6659 6659 6659 9128 9128 9128

Table 3.8 incorporates the same controls used in Table 2.5 but now I allow effects of race
to vary by in-person shares in earlier years. Standard errors are clustered by district and
are reported in parentheses. All regressions are weighted by school enrollment. Robust
Standard errors clustered at the District level in parentheses.

Table 3.9: Effect of Receiving Support Services on Semester GPA and Credit Earned Ratio (Before
COVID-19)

Semester GPA  Ratio

Mentoring 0.152* 0.001
(0.084) (0.026)
Study Hall 0.060 -0.001
(0.067) (0.021)
Tutoring -0.224** -0.019*
(0.037) (0.007)
Academic Skill Dev -0.001 0.006
(0.096) (0.023)
Observations 935 938

Results are from specification (3.2). Table 3.9 includes individual and semester fixed
effects. The table includes the analysis for the sample period that ends in Fall 2019 to
account for the changing grading policy in the Spring 2020 semester. Robust Standard
errors clustered at the individual level in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01
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Figure 3.3: Fall 16 Support Service Meetings by Type Over Time

Figures 3.3 and 3.4 illustrate the percentage of each student athlete cohort who receive each type of
support service over the course of the sample
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Figure 3.4: Fall 17 Support Service Meetings by Type Over Time
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