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Introduction

Since the onset of zero tolerance policies in the early 1990s, U.S. schools
have increased their mechanisms of surveillance (e.g., school resource offi-
cers), as well as their menu of punishments (Kafka, 2011). At the same time,
many schools have adopted an authoritarian approach to discipline, relying
heavily on exclusionary practices, such as suspensions. These approaches
may be especially prevalent in urban communities, which “have often been
characterized by social isolation, heightened police surveillance, perceived
family dysfunction, high rates of unemployment and poverty, high rates of
violent crime, and overcrowded and underfunded schools” (Peguero et al.,
2018, p. 7). As a result of these exclusionary practices, many students have
been pushed closer toward the criminal justice system. A statewide study of
Texas middle and high school students (Fabelo et al., 2011) found that 31%
of suspended students repeated a grade, while 10% of suspended students
dropped out. Demonstrating that the school-to-prison pipeline is “more than
a metaphor,” Fabelo and his colleagues (2011) also found that nearly half of
students with multiple (11+) suspensions were in contact with the juvenile
justice system. At the same time, exclusionary practices have also moved
students further away from academic achievement: using a nationally repre-
sentative sample of students, Jabbari and Johnson (2020) found that being
suspended in high school reduced the chances of taking advanced math
courses, as well as attending college.

Moreover, the use of these exclusionary practices, as well as the impacts
associated with them, have been found to vary across schools. When
accounting for student and school risk factors, 23% of Texas high schools
had discipline rates that were higher than what was projected, while 27% of
schools had discipline rates that were lower than what was projected (Fabelo
et al., 2011, p. xii). Even when accounting for a robust array of individual
and school-level characteristics related advanced math course-taking and
college attendance, Jabbari and Johnson (2020) still observed that a signifi-
cant amount of the variation in the relationships among suspensions and
these measures of achievement and attainment occurred between schools.
Furthermore, given the segregated nature of U.S. schools and the discrimi-
natory nature of suspensions (see Ibrahim & Johnson, 2019), separate stud-
ies on Arkansas (Anderson & Ritter, 2017) and another Midwestern state
(Skiba et al., 2014) have demonstrated that much of the racial/ethnic dispro-
portionality in discipline occurs between schools, rather than within them.
Thus, breaking down the school-to-prison pipeline and ensuring more equi-
table outcomes in the future will require a greater understanding of high-
suspension schools. Nevertheless, as the majority of students may not
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directly receive a suspension in a given year—even in a high-suspension
school, some stakeholders might still question the need to reduce high rates
of school suspensions. As recent school shootings have increased concerns
for student safety (see Johnson et al., 2019), stakeholders might also ques-
tion the need to reduce high rates of out-of-school suspensions, which may
be reserved for serious and potentially violent behaviors. As a result, we will
explore how non-suspended students are impacted by attending schools that
issue large amounts of in-school suspensions. To our knowledge, there is no
research that has explored the indirect effects of in-school suspensions.

As schools that issue large amounts of in-school suspensions might repre-
sent environments with high levels of coercive control (see Kupchik et al.,
2015), we explore the impacts that high-suspension schools have on learning
that appears antithetical to coercive control. In doing so, we extend Jabbari
and Johnson’s (2020) previous work on in-schools suspensions by focusing
on math, a subject in which mastery can often entail high levels of problem-
solving and teamwork (see Adams & Hamm, 2010). As students often use
their math knowledge to access post-secondary opportunities, we also con-
sider the impact of high-suspension schools on college attendance.

In addition, while high rates of suspensions are often framed as an urban
problem (see Losen & Skiba, 2010), recent research has demonstrated that the
high-suspension schools—and the negative effects associated with them—
extend to suburban and rural areas as well (Peguero et al., 2018). Therefore,
while we conceptualize urban education as occurring in both major (urban
intensive) and large cities (urban emergent), we recognize that the hyper-dis-
ciplining of vulnerable student populations is an urban characteristic that can
apply to a variety of geographic contexts (see Milner, 2012). Finally, as we
approach urban education from a policy and reform perspective, we attempt to
isolate the inside-of-school factors—namely the relationship between suspen-
sions and achievement—by controlling for outside-of-school factors (see
Milner & Lomotey, 2014). We do so by employing a counterfactual frame-
work that addresses selection bias associated with attending high-suspension
schools. We pose the following questions:

L. What are the short-term (math achievement) and long-term (college
attendance) impacts associated with attending a high-suspension
school?

Il.  What is the relationship between math achievement and college atten-
dance in the context of high-suspension schools?

III. How do student and school background characteristics, such as race/
ethnicity, gender, social class, urbanicity, and school social order,
relate to high suspension schools?
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We find that when controlling for selection into schools, students attend-
ing high-suspension high schools were associated with lower math achieve-
ment scores during their junior year of high school and were less likely to
attend college—even when accounting for student-level suspensions and
school-level social order. Moreover, we find that when we add junior year
math achievement to the model predicting college attendance, the impact of
high-suspension schools no longer remains significant, suggesting that high
math achievement might operate as a protective barrier in schools that issue
high numbers of suspensions. Furthermore, we find significant relationships
among student and school background characteristics, high-suspension
schools, math achievement, and college attendance. Most notably, we find
that when we account for high- and low-suspension schools, attending urban
schools is associated with an increase in both math achievement and college
attendance.

Theoretical Framework: Social Control

Social control has been theorized to reduce anti-social behavior, maintain
social order, and enhance the safety and wellbeing of societies and institu-
tions through the use of discipline (see Durkheim et al., 1961). As an instru-
ment of social control, discipline can be enacted within groups or communities
to achieve internal regulation (informal social control) or externally through
the actions of state agents (formal social control) (see Kirk, 2009). Within
educational institutions, discipline takes on the added purpose of socializing
youth toward adult roles and responsibilities, as well as ensuring the process
of learning (Durkheim et al., 1961).

In the school discipline literature researchers often focus on circum-
stances where social control has become counterproductive (see Irby, 2014).
While counterproductive social control can manifest itself in both overly
strict (i.e., high social control schools) and overly lenient (i.e., low social
control schools) environments, much of the research on school discipline
focuses on the former: “In such situations, punishment becomes an end in
itself, not an occasional means to an end of normative social order” (Perry &
Morris, 2014, p. 5). To this end, previous research on school discipline has
implicitly used social control to trace the historical transformation of overt
racism and the legacy of slavery into modern school practices (see Duncan,
2000; Wacquant, 2001). More recently, research on school discipline has
explicitly used social control to (a) describe criminogenic environments (see
Kupchik, 2010), (b) demonstrate how students perceive these environments
(Portillos et al., 2012) and how these perceptions negatively impact student
outcomes (Peguero et al., 2015), (c) detail the criminalization of student
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behavior (see Basile et al., 2019) and how this criminalization increases
student discipline gaps (see Shabazian, 2020), and (d) theorize how disci-
pline may have “collateral consequences” for non-disciplined students (see
Perry & Morris, 2014). Similar to Perry and Morris (2014), we use social
control to theorize how overly punitive environments may have collateral
damages for all students.

To provide a comprehensive overview of social control, we consider how
high and low-social control schools can impact student outcomes in both
positive and negative ways. In an ethnographic study of a high-social control
urban high school, Nolan (2011) observed that the threat of undeserved pun-
ishment increased feelings of anxiety for both well and poorly behaved stu-
dents alike. Increased anxiety may, in turn, have a negative impact on
learning. On the other hand, high-social control schools may operate in
accordance with Wilson and Kelling’s (1982) “Broken Window Theory,”
where minor signs of disorder can lead to serious crimes. Thus, by having a
low tolerance for minor offenses, high-social control schools may be able to
create an environment of order and conformity; in doing so, these schools
may be able to avoid more serious offenses in the future. In an ethnographic
study of six high-achieving, high-social control urban schools, Whitman
(2008) observed that by incessantly “sweating the small stuff,” these schools
were able to increase feelings of safety for students. In contrast to anxiety,
increased safety may have a positive impact on learning.

Conversely, low-social control schools may allow students’ misbehavior
to go unchecked, which may embolden their classmates to misbehave as well
(Wilson & Kelling, 1982). The learning environments in these schools may
become increasingly disruptive and disengaging. As an alternative form of
institutional racism, low-social control schools may embody “the soft bigotry
of low-expectations.” Finally, in accordance with a laissez-faire approach to
discipline (see Rogers & Freiberg, 1969), low-social control schools may
grant students greater freedom of expression, which may promote self-disci-
pline, psychological well-being, and ultimately an engaging, student-cen-
tered learning environment.

Literature Review: High-Suspension Schools

Previous research has demonstrated that suspensions are inequitably distrib-
uted according to social and demographic characteristics, such as race and
ethnicity, and that these inequitable distributions—often referred to as “pun-
ishment gaps”—can eventually lead to “achievement gaps” (Morris & Perry,
2016). While schools are often segregated along these social and demo-
graphic lines, only recently has research begun to explore the impacts of this
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inequitable distribution of suspensions at the school-level (see Peguero et al.,
2018).

In a recent study with middle and high schools students in Texas both
overly strict and overly lenient schools were associated with higher grade
retention across urban, suburban, and rural school contexts (Peguero et al.,
2018). While these results suggest the need for balance, achieving a perfect
match between discipline and behavior may be difficult for many schools.
Thus, school leaders and teachers may want to know which side of the spec-
trum they should err on. Given the recent increase in the rate of school disci-
pline (see Losen & Martinez, 2013), despite decreasing rates of misbehavior
(see Robers et al., 2014), it appears that many schools are currently erring on
the side of being overly strict. Therefore, we focus our literature review on
overly strict schools—using suspensions as a common measure of school
strictness.

Determinants of High-Suspension Schools

Initially, we consider the possibility that high-suspension schools may arise
in response to higher levels of social disorder. While student misbehavior has
been declining in recent decades (see Robers et al., 2014), an uneven distribu-
tion of students with behavioral problems across schools might lead some
schools to have relatively high rates of social disorder. For example, in a
study of Kentucky middle schools, Christie et al. (2004) found that the num-
ber of school violations increased the rate of out-of-school suspensions.
Therefore, high-suspension schools may be needed to address higher levels
of social disorder.

Alternatively, high-suspension schools may arise from differences in detec-
tion practices rather than differential in rates of misbehavior (see Ditton,
1979). For example, as evident in some of the “No-Excuses” schools (see
Goodman, 2013), entire school systems may choose to suspend students for
minor transgressions. Hence, rather than an actual escalation in student misbe-
havior, schools can become high-suspensions schools when the threshold for
which a suspension is triggered gets lowered to include less serious offenses.

Similarly, high-suspension schools may also arise from differences in
adherence to discipline policies and practices. For example, in a qualitative
study of Louisiana principals in schools that predominantly serve Black stu-
dents, Mukuria (2002) found that principals of high-suspension schools
strictly adhered to the discipline policies of their district, while principals of
low-suspension schools modified the discipline policies of their district to fit
the needs of their students. Furthermore, using statewide data from a
Midwestern state, Skiba and his colleagues (2014) found that schools with
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principals that don’t favor preventive discipline practices were more likely to
suspend students out of school. Moreover, using a statewide sample of public
high schools from Virginia, Gregory et al. (2011) found that schools with a
less supportive school climate, as well as a less challenging school environ-
ment (referred to as “Academic Press” by the authors), were more likely to
suspend students.

In addition, high-suspension schools may arise from academic achieve-
ment. Christie et al.’s (2004) study on middle school students also found that
standardized test achievement decreased the rate of out-of-school suspen-
sions. Here, schools may use suspensions to remove low-achieving students
to increase test scores and meet accountability demands. For example, using
administrator records from Florida at the onset of a high-stakes testing
reform, Figlio (2006) found that schools assign longer suspensions (both in-
school and out-of-school) to low-achieving students during the testing win-
dow and within testing grades.

Finally, high-suspension schools may arise from racial/ethnic bias. For
example, in a nationally representative sample, Welch and Payne (2010)
demonstrated that an increase in the percent of Black students within a
school was directly related to an increase in suspensions (both in-school and
out-of-school)—even when accounting for school levels of misbehavior and
disorder. Furthermore, Skiba and his colleagues (2014) also found that the
relationship between the percentage of Black students within a school and
out-of-school suspensions remained significant when school-level poverty,
achievement, and administrator attitudes were accounted for.

Impacts of High-Suspension Schools

In terms of the consequences of high-suspension schools, Lee et al. (2011)
used a statewide sample of public high schools from Virginia to demonstrate
that when controlling for both school demographics and student attitudes,
schools with higher suspension rates were associated with higher dropout
rates for both Black and White students. In addition, using a sample of middle
and high schools students from a large urban school district in Kentucky,
Perry and Morris (2014), demonstrated that higher rates of out-of-school sus-
pension had a negative impact on math and reading achievement for non-
suspended students—even when controlling for school-level behavior.
Alternatively, using a cross-sectional sample of middle-school students in
North Carolina, Kinsler (2013) found that the number of days students were
suspended out of school deterred their future infractions, which ultimately
increased the math achievement of their peers. Essentially, while being sus-
pended entails a loss of instructional time for the suspended student, Kinsler’s
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(2013) findings suggest that repeated exposure to a disruptive student may
entail a greater “loss” of instructional time for his or her peers.

Nevertheless, many relevant questions have been left unanswered by pre-
vious research. For example, since much of the existing research focuses on
out-of-school suspensions, we do not know the collateral consequences of
less-severe exclusionary practices, such in-school suspension. These more
common exclusionary practices are often used for more subjective offenses,
such as “disorderly conduct” and “willful defiance” (Watanabe, 2013), as
well as offenses relating to personal expression, such hairstyles and dress
codes (see Morris, 2005). Thus, high rates of in-school suspension may fur-
ther represent an environment of coercive control and what Annamma (2018)
describes as a “pedagogy of pathologization.” Furthermore, a focus on out-
comes at a single point in time within existing research has not revealed the
duration of collateral consequences, nor how these consequences might be
mediated over time. Moreover, we do not know whether the magnitude of
these consequences changes when methods are used that limit selection bias
associated with suspensions. In addition, we do not know how student and
school background characteristics, such as race/ethnicity, gender, social
class, urbanicity, and school social order, relate to high-suspension schools.
Finally, since much of the existing research relies on localized samples, we
do not know under what circumstances the effects of suspensions might
apply more broadly to schools throughout the nation and across geographic
contexts.

In extending the previous literature, we (a) establish the impacts of less-
severe exclusionary policies through measures of in-school suspension, (b)
explore both the short-term (math achievement) and long-term (college atten-
dance) impacts associated with high and low-suspension schools and demon-
strate how these impacts are related, (c) limit bias associated with attending
high and low-suspension schools by using a counterfactual model based on
propensity scores, (d) explore how student and school background character-
istics relate to high-suspension schools, math achievement, and college atten-
dance, and (e) rely on students from a nationally representative longitudinal
sample.

Methods

Research Overview

In this article, we are primarily interested in the “collateral” damages of sus-
pensions. Specifically, we are interested in the indirect impact of attending a
high-suspension school (as opposed to a low-suspension school) for students
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that are not directly suspended. Estimating the collateral damages of suspen-
sions will require three main elements. First, as students’ attendance in high-
suspension schools is not random, we will control for selection bias through
a counterfactual approach to ensure that it is not the students, themselves, that
are causing schools to issue a high number of suspensions. Second, to isolate
the impact of high-suspension schools on non-suspended students we will
include a student-level measure of suspensions in our outcome models.
Finally, as schools with higher levels of social disorder may issue greater
numbers of suspensions, we will include a school-level measure of social
order in our outcome models. In doing so, we are able to estimate the collat-
eral damages of suspensions that exist beyond the behaviors of both students
and schools.

Research Design

Attendance in high-suspension schools is not random. Thus, estimating the
impacts of attending high-suspension schools without adjusting for students’
non-random attendance into these schools can yield biased results. We there-
fore employ a counterfactual framework based on propensity scores to adjust
for students’ non-random attendance in these schools. In a counterfactual
framework treatment and control participants have potential outcomes in
both states: the state in which they are observed in and the state in which they
are not observed in (Rubin, 2005). In our counterfactual framework, students
who attend high-suspension schools are viewed as being assigned to the
“treatment” group, while students who attend low-suspension schools are
viewed as being assigned to the “control” group. Within this counterfactual
framework, propensity scores define the conditional probability of being
“assigned” to a high- or low-suspension school based on a set of observed
characteristics (see Rosenbaum & Rubin, 1983). Here, propensity scores can
be seen as balancing property: “conditional on the propensity score, the dis-
tribution of observed baseline covariates will be similar between treated and
untreated subjects” (Austin, 2011).

Specifically, we use propensity score weighting to balance students in the
treatment and control groups, which utilizes the inverse probability for receiv-
ing the treatment (that the subject actually received) to weight these observa-
tions from a given sample (Austin, 2011). This allows for average treatment
effects (ATE) to be estimated, which in this study is the difference in the
potential outcomes associated with high-suspension schools for all students.
In estimating our propensity scores, we include a set of observed variables that
are related to the treatment (high-suspension schools), the underlying treat-
ment mechanisms (suspensions), and ultimately, the outcomes associated with
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the treatment (math achievement and college attendance). The inclusion of
these variables will not only limit potential biases in our treatment assignment,
but will also balance students’ pre-dispositional characteristics that are related
to the underlying treatment mechanisms, as well the outcomes in our analyses.
Furthermore, to meet the temporal assumption that the treatment occurred
before the outcome, we primarily include variables that occur before treatment
assignment (i.e., high school attendance). Moreover, in following Guo and
Fraser’s (2014) recommendations for propensity score analysis, we utilize
individual-level variables to estimate propensity scores for our group-level
treatment. In doing so, the ATE weights for participants in the treatment group
(high-suspension school attendees) are defined as w; = 1/p(x,), while the ATE
weights for participants in the control group (low-suspension school attend-
ces) are defined as w, = 1/(1 — p(x,)) (Guo & Fraser, 2014).

When considering the nature of our treatment and data, PSW has two
distinct advantages when compared to other propensity score strategies.
First, PSW maintains all participants, which is especially desirable in an
analysis where some participants will be automatically lost by using a treat-
ment that only includes students from high- and low-suspension schools.
Second, PSW allows for greater generalizability with the ability to easily
multiply propensity score weights with survey weights in complex data,
such as ours. Nevertheless, while counterfactual frameworks can allow
researchers to make inferences that approach causality, because the initial
measure of our math achievement outcome occurred during the treatment
and because there is not an exact pre-treatment measure of our college atten-
dance outcome, our counterfactual framework will allow for associational
claims that are less prone to selection bias.

Data

Description. Our analyses use restricted-use data from the High School Lon-
gitudinal Study of 2009 (HSLS). We use the HSLS because it is the most
recent nationally representative longitudinal study of high school students in
the United States. In the HSLS’s stratified random sampling design, 944
schools were selected in the first stage, and an average of 27 ninth-graders
were selected from these schools in the second stage for a total of 25,206
eligible students (Ingels et al., 2011). Our analyses used two series of longi-
tudinal waves. The first analysis, which tests the impact of attending a high-
suspension school on math achievement, spans across the first wave and (9th
grade) and the second wave (11th grade). The second analysis, which tests
the impact of attending a high-suspension high school on college attendance,
spans across the first wave (9th grade), second wave (11th grade), and fourth
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wave (freshman year of college). Each analysis used information from used
student, parent, and administrator questionnaires.

Imputation. We used multiple imputation with chained equations (MICE) to
impute five sets of missing values. Not including key demographic and depen-
dent variables, which we did not impute, most independent variables had less
than 5% of their responses missing. The only exception was the measure of
school social order, which was missing 23% of the responses in the original
sample. Here, we successfully imputed 87% of the missing responses for this
measure.

Weighting. Out of the 8,744 original students from high- and low-suspension
schools in our sample, attrition across these waves (for different time points)
and within waves (for different questionnaire types) resulted in sample sizes
ranging from 7,680 to 7,920 students in the final analyses. Nevertheless, the
National Center for Education Statistics (NCES) did provide analytic weights
that account for these instances of non-response, which limit potential biases
that can arise from attrition. In our math achievement analysis, we used the
W2WI1STU weight, which is recommended for student analyses that span
across the base year and first follow-up waves. In our college attendance
analysis, we used the W3IWIW2STUTR weight, which is recommended for
student analyses that span across the base year, first follow up, and college
transcript waves.

Measures

Treatment variable. The treatment variable in this study is attending a high-
suspension school, as opposed to attending a low-suspension high school
(1 = high-suspension school; 0 = low-suspension school). This treatment
variable was derived from a student-level, self-reported measure of in-school
suspension collected during the first follow-up wave. This measure
occurred on the following scale: 0 = not suspended in the previous 6 months,
1 = suspended 1-2 times in the previous 6 months, 2 = suspended 3—6 times
in the previous 6 months, 3 = suspended 7-9 times in the previous 6 months,
and 4 = suspended 10 or more times in the previous 6 months. Using the
original survey weight (WISTUDENT), which provides a representative
estimate of both schools and the students attending them at the start of the
treatment, we calculated a survey-weighted mean of suspensions for each
individual school in the survey. This created a school-level measure of in-
school suspensions. Based on this measure, schools were then broken down
into five quintiles that mirrored the weighted distribution of suspensions.
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Table 1. Suspension Quintiles.

Student suspensions Number of
School suspension students/
quantiles 0 Suspensions 1-2 Susp. 3-—6 Susp. 7-9 Susp. 10+ Susp.  schools
Lowest quantile 4,672 36 4 2 | 4,715/233
Middle/low quantile 3,250 176 10 0 5 3,441/145
Middle quantile 3,668 347 48 4 6 4,073/180
Middle/high quantile 3,437 497 105 24 16 4,079/194
Highest quantile 2,984 752 147 48 71 4,029/192

Because we are interested in the high and low extremes of school suspen-
sions, we utilized the highest and lowest quintiles to create our treatment
variable. The highest quintile (192 schools with 4,029 students) was opera-
tionalized as high-suspension schools, while the lowest quintile (233 schools
with 4,715 students) was operationalized as low-suspension schools. Descrip-
tive information on the treatment variable can be found in Table 1.

Variables in the propensity score estimation model. Stemming from the litera-
ture on high-suspension schools, which demonstrates that the overuse of sus-
pensions often manifests itself in schools that predominantly serve students
of color, we include the following demographic variables as treatment covari-
ates in the propensity score estimation model: Black race/ethnicity (1 = yes;
0 = no), Hispanic race/ethnicity (1 = yes; 0 = no), socioeconomic status
(SES) quintile (created by the NCES and derived from parent education, par-
ent occupation, and family income, SES quintiles range from 1 to 5 with 1
representing the lowest quintile and 5 representing the highest quintile), and
urban school location (1 = yes; 0 = no), which entails attending a school that
is both inside an urbanized area and inside a principal city. In addition, to
balance covariates that are also related to suspensions, such as gender (see
Skiba et al., 2002) and household structure (see Manning & Lamb, 2003), the
propensity score estimation model included being female (1 = yes; 0 = no)
and having two parents/guardians at home (1 = two-parent/guardian house-
hold; 0 = single-parent/guardian household). Two separate scales depicting
how often parents were previously contacted about their child’s misbehavior
and poor academic performance during their child’s eighth grade year
were also included (1 = never; 2 = once or twice; 3 = three or four times;
4 = more than four times). Finally, to balance covariates that are related to
the outcomes in our analyses, pre-treatment math achievement and college
attendance variables were included in the propensity score estimation model.
This included a scale of advanced math course-taking during students’ eighth
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Table 2. Comparison of Treatment Selection Variables before Propensity Score
Weighting.

High-suspension Low-suspension Standardized p
Variable school school difference value
Race: Black 0.33 0.14 0.45 .00
Race: Hispanic 0.22 0.21 0.03 A6
Gender: Female 0.48 0.52 -0.09 .0l
SES quintile 2.64 3.53 -0.62 .00
Urban school location 0.29 0.35 -0.14 .00
Two parent household 0.67 0.83 -0.35 .00
High parental college 0.63 0.79 -0.34 .00
expectations
Eighth grade behavior 1.52 1.25 0.37 .00
Eighth grade 1.45 1.31 0.20 .00
performance
Eighth grade math 3.27 3.48 -0.11 .00
course
Eighth grade math 2.25 1.92 0.33 .00
grade
Observations 4,150 4,710
Effective sample size 2,052.88 1,949.67

Note. Above results from Multiple Imputation set #1. Due to space limitations results from
other Multiple Imputation sets were not included. However, it is worth noting that their
results were nearly identical. SES = socioeconomic status.

grade year—ranging from 1 (“Math 8”) to 9 (“Other advanced math course
such as pre-calculus or calculus”) and a scale of grades received in these
math courses during students’ eighth grade year (1 = “A”; 2 = “B”; 3 = “C”;
4 =“D”; 5 = “below D”’). A measure of parental expectations for their child’s
college attainment was also included (1 = child will receive a bachelors
degree; 0 = child will not receive a bachelor’s degree/doesnt know if child
will receive a bachelor’s degree).

As seen in Table 2, in the absence of propensity score weighting, high-
suspension schools had more Black students than low-suspension schools
(33% compared to 14%); less female students (48% compared to 52%), more
students with lower SES quintiles (2.64 compared to 3.53); less students
attending schools in urban areas (29% compared 35%); less students from
two-parent/guardian households (67% compared to 83%); more students who
were frequently contacted about their negative behavior and performance;
more students who had taken less advanced math courses in eighth grade;
more students that received lower math grades in their eighth grade math
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courses; and less students with parents that expect them to go to college (63%
compared 79%).

Outcome variables. The short-term outcome variable consisted of a norm-
referenced math achievement test score taken during the spring of 11th grade
(ranging from 22.24 to 84.91). This test was developed by the NCES to
reflect growth in math achievement and preparedness for college science,
technology, engineering and mathematics (STEM) programs; it primarily
focused on algebraic reasoning and contained more difficult items than a
similar test taken in the fall of ninth grade (Ingels et al., 2011). The long-term
outcome variable consisted of full-time college attendance recorded during
the fall of a student’s freshman year of college (1 = yes; 0 = no).

Covariates in the outcome models. To isolate the impact of the treatment, final
math achievement test scores were controlled for by students’ initial math
achievement test scores (ranging from 24.02 to 82.19) collected during the
first wave. Similarly, full-time college attendance was controlled for by a stu-
dents’ initial expectations for graduating college (1 = student will not receive
a bachelor s degree/student doesn t know if he or she will receive a bachelor s
degree; 0 = student expects to receive a bachelor’s degree). Furthermore, to
estimate the collateral effects of high-suspension schools (i.e., the effects for
students that are not suspended) our analyses includes students’ individual
suspension rates. Moreover, to further operationalize the treatment as a func-
tion of school practices and nof a function of student behaviors, each analysis
included a school measure of social order. This continuous scale of social
order (ranging from —4.22 to 1.97 with higher values representing higher lev-
els of social order) was provided by the NCES and created through principal
component factor analysis from administrator frequency ratings of the follow-
ing activities at his or her school: physical conflicts, robberies, vandalism,
drug use, alcohol use, drug sales, weapon possessions, physical abuse of
teachers, racial tensions, bullying, verbal abuse of teachers, in-class misbe-
havior, disrespect toward teachers, and gang activities. The Cronbach’s alpha
of this sale was 0.88.

In addition, as high-suspension schools might have the largest impact on
individuals who attend them most regularly, the number of student absences
(0 = no absences; 1 = 1 or 2 absences; 2 = 3—6 times absences; 3 = 7-9
absences; 4 = 10 or more absences) and classes skipped (0 = no classes
skipped; 1 = 1 or 2 classes skipped; 2 = 3—6 classes skipped; 3 = 7—6 classes
skipped; 4 = 10 or more classes skipped) were included in each analysis.
Finally, indicators for Black, Hispanic, female, SES quintile, and urban school
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location were included as model covariates to ensure robustness of the treat-
ment impacts (see Bang & Robins, 2005), as well as to provide insight into
how these factors impact the outcomes affer we account for the extremes of
the distribution of suspensions across schools. Also, to allow for meaningful
inferences of the intercepts in the outcome analyses freshman and junior-year
math test scores were mean-centered, while SES-quintile was rescaled to
include zero (-2,-1, 0, 1, 2).

When considering the descriptive differences between the treatment and
control groups (Table 3), high-suspension schools have students with lower
freshman and junior-year math test scores, lower college attendance rates
and expectation levels, lower levels of school social order, and higher rates
of absences and classes skipped. However, when students are balanced on
pre-treatment characteristics through propensity score weighting, these dif-
ferences partially dissipate. This was also the case when comparing the cor-
relation tables that use survey weights (Table 4) with the correlation tables
that use propensity score weights (Table 5).

Propensity Score Estimation

Modeling. Nonparametric modeling techniques, such as generalized boosted
modeling (GBM), have the ability to reduce the chance of misspecification
errors in the estimation of propensity scores (see McCaffrey et al., 2004).
GBM utilizes automated, data adaptive modeling algorithms to “predict
treatment assignment from a large number of pretreatment covariates while
also allowing for flexible, non-linear relationships between the covariates
and the propensity score” (p. 3). Specifically, we utilized the TWANG—
Toolkit for Weighting and Analysis of Non-equivalent Groups—package
(Ridgeway et al., 2014) in STATA to estimate our propensity score weights
through GBM. Finally, as recommended by DuGoff et al. (2014) for infer-
ences on populations (as opposed to samples), we used TWANG to multiply
the propensity score weights by the appropriate survey weights.

Balancing. Using TWANG’s default settings, we assessed the mean effect
sizes for covariate balance. Results of the propensity score estimation models
demonstrate that all treatment covariates were properly balanced (Table 6). In
addition, propensity scores for both treatment and control groups shared an
adequate region of common support (Figure 1), which ensures that partici-
pants with similar treatment covariates have a positive theoretical proba-
bility of being in either the treatment or control group (Rosenbaum & Rubin,
1983).
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Table 3. Descriptive Statistics.

Survey-weighted Propensity-weighted
Treatment Control Treatment Control
group group group group

Variable M SD M SD M SD M SD
Freshman year math score —-2.26 937 334 948 0.06 9.74 133 9.68
Junior year math score -3.07 922 367 961 -088 966 185 959
College attendance 053 050 0.78 042 061 049 0.70 046
Low college expectation 045 050 034 047 039 049 038 049
In-school suspension 040 0.79 000 N/A 032 073 0.00 N/A
School social order -0.19 1.02 048 098 -0.18 1.0l 041 0.99
Absences .56 1.06 139 1.0l 152 1.05 142 .02
Classes skipped 038 0.86 020 0.60 034 0.82 022 0.6l
Race: Black 031 046 0.12 032 022 041 0.19 040
Race: Hispanic 0.19 039 0.18 038 0.19 039 0.18 0.38
Gender: female 050 0.50 054 0.50 051 0.50 052 0.50
SES quintile -026 1.35 060 139 0.18 143 0.19 145
Urban school location 026 044 033 047 030 046 0.29 045
Observations 4,290 3,620 4,290 3,620

Note. Unweighted population statistics, such as the number of observations, have been
rounded to the nearest 10 to comply with our restricted use data license agreement.
SES = socioeconomic status.

Results

Each analysis used STATA’s SVY program (StataCorp, 2013), which is
designed for the analysis of complex surveys. After demonstrating the sig-
nificant impacts of our treatment in unconditional models (Table 7), we cre-
ated a series of conditional models that allow us to demonstrate the impacts
of our treatment in the presence of control variables. Our conditional models
also allow us to demonstrate the impact of controlling for treatment assign-
ment, as well as the impact of including the treatment.

First, we ran “propensity” models, which controlled for treatment assign-
ment with the inclusion of propensity score weights. Next, we juxtaposed
these models with “standard” models, which did not control for treatment
assignment with propensity score weights (original survey weights were used
instead). We then juxtaposed these models with “null” models—that did not
include the treatment—to demonstrate the difference between attending a
high-suspension school and directly receiving a suspension (across high and
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Table 6. Comparison of Treatment Selection Variables after Propensity Score
Weighting.

High-suspension Low-suspension Standardized

Variable school school difference  p value

Race: Black 0.24 0.22 0.03 45

Race: Hispanic 0.21 0.21 0.00 .90

Gender: Female 0.50 0.50 0.00 1.00

SES quintile 3.06 3.1 -0.04 26

Urban school location 0.31 0.31 0.0l .87

Two parent 0.75 0.76 -0.03 49
household

High parental college 0.72 0.73 -0.03 46
Expectations

Eighth grade behavior 1.38 1.35 0.04 .34

Eight grade 1.37 1.35 0.02 .60
performance

Eighth grade math 3.36 3.37 -0.01 .87
Course

Eighth grade math 2.08 2.06 0.02 .53
grade

Observations 4,150 4710

Effective sample size 1,918.53 1,467.35

Note. Above results from Multiple Imputation Set #1. Due to space limitations results from
other Multiple Imputation sets were not included. However, it is worth noting that their
results were nearly identical. SES = socioeconomic status.

low-suspension schools). Finally, to test the relationships between the short-
and long-term outcomes, we created two additional sets of models for pre-
dicting college attendance: one model set included an additional control
measure of freshman year math achievement test scores, and another model
set included both freshman and junior year math achievement test scores.

Math Achievement Models

When controlling for attendance into high-suspension schools with propen-
sity score weights (Model 1), attending a high-suspension school was asso-
ciated with a 1.41 point decrease in junior year math achievement (Table 8).
This was larger than the impact of directly being suspended, which was
associated with a 0.98 point decrease in math achievement (for a one-unit
increase in suspensions). Other negative predictors of math achievement
were absences, identifying as Black, and identifying as female. Conversely,
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Figure |. Boxplot of propensity scores.

Table 7. Unconditional Outcome Models.

Math Math College College
achievement: achievement: attendance: attendance:
Propensity model  Standard model Propensity model Standard model

High-suspension =2.50 (0.64)*** —6.67 (0.58)*** 0.67 (0.09)** 0.33 (0.04)***
school

Intercept 0.77 (0.48) 2.81 (04355 2.36 (0.25)%*  3.45 (0.32)%*
Observations 7,830 7,830 7,920 7,920

Note. For Math Achievement Models, coefficients are provided, which are followed by robust standard
errors in parentheses. For College Attendance Models, odds ratios are provided, which also are followed
by robust standard errors in parentheses.

*p < .05. Fp < .01. FFkp < .001.
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Table 8. Continuous Regressions of the Impact of High-Suspension Schools on
Junior year Math Achievement.

Model | Model 2 Model 3
(propensity model)  (standard model) (null model)
High-suspension —1.41 (0.38)*** =1.73 (0.37)%** (omitted)
school
In-school suspension -0.98 (0.25)*** —0.78 (0.25)** —=1.16 (0.24)***

Freshman year math
score

0.65 (0.02)%#*

0.66 (0.01y#

0.66 (0.01y*

School social order 0.11 (0.17) 0.14 (0.16) 0.33 (0.15)*
Absences —0.64 (0.12)%** =0.62 (0.11)***  —0.63 (0.12)***
Classes skipped 0.08 (0.16) 0.04 (0.17) 0.08 (0.17)
Race: Black -1.21 (0.36)** -1.06 (0.30)** =1.29 (0.3 1)***
Race: Hispanic -0.39 (0.48) -0.23 (0.40) -0.19 (0.40)
Gender: female -0.53 (0.26)* -0.48 (0.23)* -0.47 (0.24)
SES quintile 0.61 (0.1 1y*+* 0.62 (0.1 1)*#* 0.72 (0.10)*#*
Urban school 0.78 (0.36)** 0.69 (0.33)* 0.87 (0.34)*

location

Intercept 1.98 (0.41)*+* 1.97 (0.36)*** [.10 (0.30)***
Observations 7,680 7,680 7,680

Note. Coefficients followed by robust standard errors in parentheses. SES = socioeconomic
status.
*p < .05. ¥p < .01. ¥F¥p < .001.

freshman year math achievement scores (the primary control for the out-
come), SES quintile, and attending an urban school were all positive predic-
tors junior year math achievement.

When we did not control for selection into high-suspension schools with
propensity score weights (Model 2), the impact of the treatment increased
and was now associated with a 1.73 point decrease in junior year math
achievement. With the exception of freshman year math achievement and
SES quintile, which remained practically unchanged, the impact of all other
significant predictors slightly decreased.

Finally, when we removed the treatment from the model (Model 3), the
impact of directly receiving a suspension increased; for a one-unit increase in
ISS, junior year math achievement scores were associated with a 1.16 point
decrease. While the impact of freshman year math achievement, absences,
and identifying as female remained practically unchanged (although gender
lost statistical significance), the impact of identifying as Black, SES quintile,
and attending an urban school slightly increased. In addition, school social
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Table 9. Propensity Models: Propensity Score Weighted Logistic Regressions of
the Impact of High-Suspension Schools on College Attendance.

Model 4 Model 5 Model 6

High-suspension school 0.77 (0.09)* 0.79 (0.09)* 0.85 (0.11)
In-school suspension 0.76 (0.09)* 0.81 (0.09) 0.85 (0.09)
Low college expectation 0.36 (0.04)*+* 0.43 (0.04)*+* 0.45 (0.05)***
School social order I.11(0.08) 1.10 (0.08) 1.10 (0.08)
Absences 0.76 (0.04)*** 0.75 (0.04)*** 0.77 (0.04)***
Classes skipped 0.76 (0.06)** 0.78 (0.07)** 0.77 (0.07)**
Race: Black 0.72 (0.10)* 0.85 (0.12) 0.92 (0.13)
Race: Hispanic 0.88 (0.12) 0.87 (0.12) 0.91 (0.13)
Gender: Female [.31 (0.12)** 1.34 (0.13)** 1.42 (0.14)*+*
SES quintile 1.67 (0.06)*** 1.54 (0.06)*** I.51 (0.06)***
Urban school location 1.35 (0.18)* 1.28 (0.16) 1.22 (0.16)
Freshman year math score (Omitted) 1.05 (0.01)*** 1.01 (0.01)
Junior year math score (Omitted) (Omitted) 1.06 (0.01)***

Intercept 5.18 (0.69)*** 4.82 (0.69)*** 4.31 (0.62)***
Observations 7,920 7,920 7,920

Note. Odds ratios followed by robust standard errors in parentheses. SES = socioeconomic
status.
*p < .05.%¥p < .01, ¥¥p < 001.

order, which was previously non-significant, was now associated with a sig-
nificant increase in math achievement.

College Attendance Models

Propensity model results. In the first propensity model predicting college
attendance—in which neither freshman nor junior year math achievement
was included (Model 4), attending a high-suspension school was associated
with a decrease in the odds of attending college to a ratio 0.77 to 1 (Table 9).
This was nearly identical to the impact of directly being suspended, which
was associated with a decrease in the relative odds of attending college to a
ratio of 0.76 to 1 (for a one-unit increase in suspensions). In addition to hav-
ing low-college expectations (the primary control for the outcome), absences,
skipped classes, and identifying as Black were also negatively related to col-
lege attendance. Conversely, identifying as female, SES quintile, and attend-
ing an urban school were positively related to college attendance.

In addition, when freshman year math achievement scores were added in
Model 5, which turned out to be a significant predictor of college attendance
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(a one point increase in math achievement scores was associated with an
increase in the relative odds of college attendance to a ratio of 1.05 to 1), the
impact of attending a high school slightly decreased, while the impact of
directly being suspended no longer remained significant. When considering
changes in the other predictors, identifying as Black and attending an urban
school no longer remained significant predictors of college attendance.

Finally, when junior year math achievement scores were added in Model 6,
which also turned out to be a significant predictor of college attendance (a one
point increase in math achievement scores were associated with an increase in
the relative odds of college attendance to a ratio of 1.06 to 1), additional changes
occurred among the other predictors. Specifically, the impact of attending a
high-suspension school, as well as the impact of freshman year math achieve-
ment, no longer remained significant predictors of the outcome.

Standard model results. Similar to the standard model predicting math
achievement (Model 2), the impact of attending a high-suspension school
increased when we did not control for selection into the treatment with pro-
pensity score weights (Table 10). As seen in Model 7, attending a high-sus-
pension school was now associated with a decrease in the odds of college
attendance to a ratio of 0.62 to 1. While the impact of identifying as female
and SES quintile slightly decreased when compared to Model 7’s equivalent
propensity model (Model 4), the impact of identifying as Black and attending
an urban school no longer remained significant in Model 7. All other model
predictors remained similar to Model 7’s equivalent propensity model (Model
4). When we added freshman year math achievement in Model 8, which
again turned out to be a significant predictor of college attendance, the impact
of attending a high-suspension school and directly being suspended slightly
decreased. However, unlike its equivalent propensity model (Model 5), the
direct impact of being suspended remained significant in Model 8. This was also
the case when junior year math achievement scores were added in Model 9.

Null model results. In the first null model predicting college attendance—in
which neither freshman nor junior year math achievement was included
(Model 10), directly receiving a suspension was now associated with a
decrease in the relative odds of attending college to a ratio of 0.61 to 1 (for a
one-unit increase in suspensions) (Table 11). Unlike Model 10’s equivalent
standard model (Model 7), school social order and attending an urban school
were positively related to college attendance. In addition, when we added
freshman year math achievement scores in Model 11, which again turned out
to be a significant predictor of college attendance, the impact of directly
being suspended slightly decreased, but remained significant. Conversely,
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Table 10. Standard Models: Non-Propensity Score Weighted Logistic Regressions

of the Impact of High-Suspension Schools on College Attendance.

Model 7 Model 8 Model 9

High-suspension school 0.62 (0.07)*** 0.66 (0.08)** 0.72 (0.09)*
In-school suspension 0.69 (0.08)** 0.74 (0.08)** 0.78 (0.08)*
Low college expectation 0.36 (0.03)*** 0.43 (0.04)**+* 0.46 (0.04)**+*
School social order 1.10 (0.07) 1.08 (0.07) 1.08 (0.07)
Absences 0.77 (0.04)*** 0.76 (0.04)*** 0.78 (0.04)***
Classes skipped 0.76 (0.06)** 0.78 (0.06)** 0.77 (0.06)*
Race: Black 0.87 (0.10) 1.02 (0.13) 1.10 (0.14)
Race: Hispanic 0.86 (0.12) 0.86 (0.12) 0.88 (0.12)
Gender: female 1.25 (0.11)* 1.29 (0.12)** 1.36 (0.12)**
SES quintile 1.62 (0.06)*** 1.52 (0.05)*** .48 (0.05)***
Urban school location 1.24 (0.15) 1.21 (0.15) .17 (0.14)
Freshman year math score (Omitted) 1.05 (0.01)*** 1.01 (0.01)
Junior year math score (Omitted) (Omitted) 1.06 (0.01)***

Intercept 5.88 (0.79)*** 5.18 (0.70)*** 4.63 (0.65)***
Observations 7,920 7,920 7,920

Note. Odds ratios followed by robust standard errors in parentheses. SES = socioeconomic
status.
*p < .05.%¥p < .01, ¥F¥p < .001.

the impact of attending an urban school no longer remained significant in
Model 11. Finally, when we added junior year math achievement scores in
Model 12, the impact of directly being suspended, again, slightly decreased
(but remained significant), while the impact of school social order no longer
remained significant in Model 12.

Sensitivity Analysis

To check the extent to which these analyses were sensitive to unobserved—
and potentially confounding—treatment assignment covariates, analyses
were replicated with all observed covariates deliberately removed from the
propensity score estimation models on separate occasions (Table 12). When
these variables were removed, outcomes were nearly identical to the original
analyses. The only exception was SES; when this variable was removed from
the propensity score estimation model high-suspension schools had a slightly
larger impact on math achievement and college attendance. Nevertheless,
when considering that this variable was a composite of multiple indicators for
social class, this small change is to be expected. Moreover, as it is unlikely
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Table I1. Null Models: Non-Propensity Score Weighted Logistic Regressions of

Treatment Covariates on College Attendance.

Model 10

Model 11

Model 12

High-suspension school
In-school suspension
Low college expectation

(Omitted)
0.61 (0.07)***
0.36 (0.03)***

(Omitted)
0.67 (0.08)**
0.43 (0.04)***

(Omitted)
0.72 (0.08)**
0.46 (0.04)***

School social order [.16 (0.07)* 1.13 (0.07)* 1.12 (0.07)
Absences 0.77 (0.04)*** 0.76 (0.04)*** 0.78 (0.04)***
Classes skipped 0.77 (0.06)** 0.79 (0.06)** 0.78 (0.06)**
Race: Black 0.80 (0.09) 0.95 (0.11) 1.04 (0.13)
Race: Hispanic 0.88 (0.13) 0.88 (0.12) 0.89 (0.13)
Gender: female 1.25 (0.11)* 1.29 (0.12)** 1.36 (0.12)**
SES quintile 1.66 (0.06)*** 1.54 (0.05)*** 1.50 (0.05)***
Urban school location 1.30 (0.16)* 1.26 (0.15) [.21 (0.15)
Freshman year math score (Omitted) 1.05 (0.01)*** 1.01 (0.01)
Junior year math score (Omitted) (Omitted) 1.07 (0.01)*+*
Intercept 4.60 (0.55)*** 4.19 (0.52)*** 3.91 (0.49)%+*
Observations 7,920 7,920 7,920

Note. Odds ratios followed by robust standard errors in parentheses. SES = socioeconomic
status.
*p < .05.%¥p < .01, ¥F¥p < 001.

that another variable containing a similar set of information as SES exists
outside of the variables already included in our propensity score estimation
model, the potential for an unobserved confounder of this type is low. Overall,
our sensitivity analysis provides further support for the robustness of our
estimation of treatment effects.

Findings

To summarize these results, we found (a) that high-suspension schools are
associated with lower math achievement scores and lower college attendance
rates; (b) that the relationship between high-suspension schools and college
attendance is significantly impacted by junior year math achievement; and
(c) that there are significant relationships among high-suspension schools
and student/school background characteristics that demonstrate persistent
inequities, as well as novel opportunities, in regards math achievement and
college attendance. In addition, we found that results are upwardly biased in
models that do not use propensity score weights and that the indirect effects
of attending a high-suspension school are similar and—in some cases—Ilarger
than the direct effects of being suspended.
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Main Findings

The impacts of high-suspension schools. When controlling for selection, stu-
dents that attend high-suspension high schools are associated with lower
math achievement test scores in high school (Model 1) and are less likely to
attend college full-time (Model 4)—even when accounting for individual-
level suspensions and school-level social order. These impacts are not only
statistically significant, but also practically significant. While the practical
significance of the impact of high-suspension schools on math achievement
is most apparent in its relationship with college attendance (explained in the
section below), it is important to note that students who attend high-suspen-
sion schools have only a 43.5% chance of attending college full-time—com-
pared to a 56.5% chance for students attending low-suspension schools.

The relationship among math achievement and college attendance. In regards to
the relationship among math achievement and college attendance, it is first
important to note that while the direct effect associated with receiving a sus-
pension lost significance when freshman year math achievement scores were
accounted for in the selection model for college attendance (Model 5), the
indirect effect associated with attending a high-suspension high school did
not lose significance until junior year math achievement scores were
accounted for in the selection model for college attendance (Model 6). Thus,
early math achievement accounts for part of the direct effect of being sus-
pended, while /ater math achievement accounts for part of the indirect effect
of attending a high-suspension school.

The importance of junior year math achievement in rendering the impacts
of high-suspension schools insignificant allows for two plausible interpreta-
tions. First, based on the negative impact that high-suspension schools have
on junior year math achievement (Model 1), it can be inferred that attending
a high-suspension school lowers some students’ junior year math achieve-
ment to the extent that the actual impact of the school no longer remains a
significant predictor of college attendance. This implies that the long-term
effects of suspensions on college attendance may be channeled through the
short-term effects of suspensions on math achievement. Second, it can be
also be inferred that higher junior year math achievement may act as a protec-
tive factor for other students—shielding them from the negative effects of
suspensions. For these students, higher math achievement may serve as a way
to achieve mobility in high-suspension schools. Of course, these interpreta-
tions are not mutually exclusive. In fact, based on the range of junior year
math achievement scores within schools, it is likely that both phenomena are
occurring at the same time.
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Student and school background characteristics. Based on the literature that dem-
onstrates racial inequity in discipline at the school-level (see Anderson & Rit-
ter, 2017), we were unsurprised to find that Black and low-income students
were more likely to attend high-suspension schools prior to applying propen-
sity score weights. Interestingly, while both Black and Hispanic students are
negatively correlated with school social order, which is negatively correlated
with high-suspension schools, only Black students are also correlated with
high-suspension schools. Here, the disciplinary responses to school disorder
may be more extreme and exclusionary in predominantly Black schools, as
opposed to predominantly Hispanic schools. Nevertheless, given their negative
correlations with this study’s outcomes, reforms for increasing math achieve-
ment and college attendance with Hispanic students should also be prioritized.

Moreover, as urban schools are negatively correlated with school social
order, which again, is negatively correlated with high-suspension schools, we
might assume that students who attend urban schools are also more likely to
attend high-suspension schools. However, given Peguero and his colleagues
(2018) recent research, which demonstrates that even though more schools
tend to be overly strict in urban areas, more schools also tend to be overly
lenient in urban areas, we were not surprised to find that slightly less students
in urban areas attend high-suspension schools. Here, urban schools may
respond differently to social order in terms of school discipline (e.g., through
more lenient practices). When considering that Black students are more likely
to attend schools in urban areas and more likely to attend high-suspension
schools, yet urban schools are less likely to be high-suspending, we can infer
that disciplinary responses may be more extreme and exclusionary in pre-
dominantly Black schools in urban areas. We can also infer that racial ineq-
uity in discipline for Black students at the school-level may be more likely to
occur in less urban areas (e.g., suburbs).

Furthermore, when observing the differences across propensity, standard,
and null models, we noticed a significant changes among student and school
background characteristics. For example, when we did not control for atten-
dance in high-suspension schools in the standard model (Model 7), identify-
ing as a Black student was no longer negatively associated with college
attendance, while attending an urban school was no longer positively associ-
ated with college attendance. Here, racial/ethnic inequity and urban opportu-
nities related to college attendance, may be masked in studies that do not
control for selection bias. In regards to racial/ethnic inequity in college atten-
dance, these findings demonstrate that even if suspension rates were equal-
ized across high and low suspension schools (and students were balanced
accordingly), Black students would still face other significant obstacles in
their pursuit of post-secondary educational opportunitics. One of these
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obstacles may revolve around early math achievement: when freshman year
math achievement scores were included in the propensity model for college
attendance (Model 5), disparities in college attendance no longer remained
for Black students. Moreover, we can conclude that if school suspension rates
were equalized across high and low suspension schools (and students were
balanced accordingly), students attending urban schools would be better sup-
ported in their pursuit of college attendance. Again, one of these supports
may revolve around early math achievement: when freshman year math
achievement scores were included in the propensity model for college atten-
dance (Model 5), advantages in college attendance no longer remained for
students attending urban schools. As the freshman year math achievement
test focuses on algebraic reasoning, these findings underscore the importance
of algebra preparation in the first year of high school for Black students and
students attending high-suspension schools in urban areas.

In addition, when we did not account for the treatment in the null model
(Model 10), urban school location became associated with an increase in col-
lege attendance, while school social order became associated with an increase
in math achievement and college attendance. Thus, high- and low-suspension
schools can be seen as driving part of the positive impact of urban school
location and school social order, which is expected when considering that
there are less high-suspension schools in urban areas and that high-suspen-
sion schools have lower levels of social order. Here, it may not be the level of
school disorder that impacts student achievement the most, but rather schools’
responses to disorder—especially those responses that involve suspensions.

Finally, even after we account for the extremes of the distribution of sus-
pensions across schools (and balanced students accordingly), significant
inequalities persisted. Black students and low-SES students were associated
with lower math achievement and were less likely to attend college; female
students were associated with lower math achievement; and male students
less likely to attend college. Thus, while policies aimed at decreasing suspen-
sions should rightfully be pursued, more must be done to ensure reductions in
math achievement inequality and college attendance disparities among dif-
ferent racial/ethnic, gender, and social class groups.

Additional Findings

Selection bias. When we do not control for attendance into high-suspension
schools, the impacts of this treatment on both math achievement and college
attendance are upwardly biased. As a result, the effects appearing in much of
the research on school-level suspensions may be overstated by proportions
that should not be ignored. Rather, counterfactual and other strategies that are
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able to adjust for non-random attendance into high-suspension schools are
needed to limit the biases associated with their effects. In addition, it is
important to note that when freshman year and junior year math scores were
added in the standard college attendance model (Models 8 and 9), the direct
effects associated with receiving a suspension (Model 8) and the indirect
effects associated with attending a high-suspension school (Model 9)
remained a significant predictor of college attendance, which was not the
case in equivalent propensity models (Models 5 and 6). Therefore, we can
infer that students who naturally attend high-suspension schools may be
more susceptible to the negative effects of them and that these negative
effects are strong enough to withstand the impacts of math achievement.

Indirect effects. In the standard models of math achievement (Model 2) and
college attendance (Model 7), the indirect effect associated with attending
high-suspension school was larger than the direct effect associated with
receiving a suspension, which—when compared to their equivalent null
models (Models 3 and 10)—had weakened with the inclusion of the treat-
ment. While the indirect effects of suspensions can be seen as absorbing a
small portion of the direct effects of suspensions in the standard models, it is
important to note that the indirect effects associated with ISS in the standard
models were also /arger than direct effects associated with ISS in the null
models. Furthermore, even though the indirect effects associated with attend-
ing a high-suspension school slightly weakened in the propensity models for
math achievement (Model 1) and college attendance (Model 4), these indirect
effects still remained similar or larger (in the case of math achievement) than
the direct effects associated with receiving a suspension in these models.
Thus, for many students it may be worse to attend a high-suspension school
and not be suspended than to not attend a high school and be suspended.

Discussion

In-school suspension was initially conceived as a less-severe alternative to
out-of-school suspension. It was originally designed to remove disruptive stu-
dents from classrooms to provide a secluded setting where the behavior of
offending students could be reformed, while also ensuring the learning of their
classmates (Sheets, 1996). This would ideally result in a reduction in recidi-
vism and an increase in academic achievement—both for suspended students
and their classmates. However, recent research by Cholewa et al. (2018) has
demonstrated that—for suspended students—the intents of in-school suspen-
sion do not match its reality: using a nationally representative study of high
school students, directly receiving an in-school suspension was found to be
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significantly related to a decrease in students’ grade point average (GPA) and
an increase in dropout status. In our present study, we have demonstrated that
the intents of in-school suspension do not match its reality for non-suspended
students either. Rather, in-school suspension was associated with detrimental
short and long-term effects for students that do not directly receive them,
but—>by no fault of their own—merely attend schools that overuse them.
While a low-suspension school may be prone to some collateral damages of
their own (see Peguero et al., 2018), we have demonstrated that it is far worse
to attend a high-suspension school, as these schools decrease students’ math
achievement scores and, ultimately, their college attendance rates.

Thus, the notion that a greater reliance on suspensions would increase the
achievement of non-suspended students by decreasing their exposure to disrup-
tive students has not been supported in this study. Instead, a greater reliance on
suspensions provides an additional mechanism by which educational opportu-
nities, such as those related to STEM and college attendance, are stratified.
Furthermore, as Black and low-income students are more likely to attend high-
suspension schools, this mechanism of stratification not only exacerbates ineq-
uities between schools, but also between racial/ethnic and social class groups.
As more calls are made for moratoriums on out-of-school suspension (e.g., the
“Dignity in Schools” movement), while national trends demonstrate that the
number of students receiving in-school suspension have recently surpassed the
number of students receiving out-of-school suspensions (U.S. Department of
Education, Office for Civil Rights, 2014), we fear that a decrease in out-of-
school suspensions may be unintentionally coupled with an increase in in-
school suspensions. Thus, in-school suspension—the original policy alternative
to out-of-school suspensions—might require a policy alternative of its own.

In seeking an alternative to in-school suspension, recent research has sug-
gested that restorative justice practices might offer a viable solution. Rather
than separating offending individuals from their classroom communities,
restorative justice practices seek to reintegrate these individuals by providing
opportunities where relationships can be restored (Gonzalez, 2012). Through
conferences, mediations, and talking circles, offenders are able to repair previ-
ous harms with their victims and make amends with their classroom commu-
nities (Gonzalez, 2012). Schools that adopt restorative justice practices are
able to nurture caring relationships, increase students’ sense of belonging and
engagement, and provide students with opportunities to learn from their mis-
takes. Thus, in creating an environment of respect, dignity, and mutuality,
restorative justice practices appear antithetical to high-social control environ-
ments. At the same time, restorative justice practices can be seen as achieving
some of the intended outcomes of social control (i.e., decreased rates of trans-
gressions) without the unintended consequences associated with exclusionary
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discipline. Therefore, it is unsurprising that schools adopting restorative prac-
tices see a drastic reduction in offenses and suspension rates, as well as an
increase in academic achievement (Eisenberg, 2016).

While the positive effects of restorative justice practices can extend to all
students (Anyon et al., 2016), schools with higher proportions of minority
and low-income students have been less likely to implement these practices
(Payne & Welch, 2015). Thus, restorative justice efforts should be prioritized
in high-suspension schools, which often serve a greater proportion of minor-
ity and low-income students. Restorative justice practices should also be pri-
oritized in urban schools, as our results demonstrate that—when we account
for high and low-suspension schools—urban schools increase both math
achievement and college attendance for their students. However, as restor-
ative justice approaches not only call for changes in a school’s discipline
practices, but also changes in a school’s discipline philosophies, implementa-
tion with fidelity can require in-depth professional development, ongoing
coaching and mentoring, additional instructional tools, and the development
of new leadership teams (see RAND Corporation, 2018). Therefore, in
schools that are less likely to implement restorative justice practices, critical
and culturally responsive engagement strategies with students, parents, and
the surrounding communities should be used to better design, implement,
and evaluate restorative justice practices (see Ingraham et al., 2016).
Moreover, as Lustick (2017) has pointed out in her recent ethnographic
study of restorative justice coordinators in New York City, in order for
restorative justice to move beyond maintaining order and toward restoring
justice, teachers and administrators must first confront racial injustices in
their schools: “justice cannot be restored if it does not exist in the first place”
(p- 25). For more serious infractions, such as those that involve criminal
justice courts, trauma-informed practices may also represent a promising
alternative to in school-suspension (see Baroni et al., 2016).

Nevertheless, it is important to note that even if we were to equalize suspen-
sion rates across high and low-suspension schools by implementing restorative
justice practices (or other suspension alternatives), our findings suggest that
Black students, male students, and low-income students would still be signifi-
cantly related to lowered math achievement and college attendance rates. Thus,
while reducing high-suspension schools may be a good first step in achieving
more equitable outcomes in education, more must be done to fill in the racial/
ethnic, gender, and social class gaps in both math achievement and college
attendance. As our findings suggest that algebraic reasoning may present an
alternative access point for interventions that seek to curb the collateral dam-
ages of high-suspension schools (especially for Black students) “Double-
Dosage Algebra”—an intensive instructional policy aimed at increasing the
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amount of time spent learning algebra in 9th grade (Cortes et al., 2015)—should
also be considered. Recent research on Double Dosage Algebra has found it to
increase students’ math credits and test scores, as well as students’ high school
graduation and college enrollment rates (Cortes et al., 2015).

Finally, as suspensions represent an essential piece of the school-to-prison
pipeline, while high school math achievement and college attendance repre-
sent essential pieces of the STEM (science, technology, engineering, and
math) pipeline (see Veenstra et al., 2009), we believe that reducing the amount
of high-suspension schools has the potential to both drain the school-to-
prison pipeline and fil/ the STEM pipeline. When considering the social and
economic costs of an overpopulated prison population and an underdevel-
oped STEM workforce, we believe that reducing high-suspension schools
will not only benefit students who attend these schools, but will also benefit
the larger U.S. society and economy.
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