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Researchers have long used end-of-year discipline rates to identify punitive schools,
explore sources of inequitable treatment, and evaluate interventions designed to stem
both discipline and racial disparities in discipline. Yet, this approach leaves us with a
“static view —with no sense of how disciplinary responses fluctuate throughout the
year. What if daily discipline rates, and daily discipline disparities, shift over the school
year in ways that could inform when and where to intervene? This research takes a
“dynamic view” of discipline. It leverages 4 years of atypically detailed data regarding
the daily disciplinary experiences of 46,964 students from 61 middle schools in one of
the nation’s largest school districts. Reviewing these data, we find that discipline rates
are indeed dynamic. For all student groups, the daily discipline rate grows from the
beginning of the school year to the weeks leading up to the Thanksgiving break, falls
before major breaks, and grows following major breaks. During periods of escalation, the
daily discipline rate for Black students grows significantly faster than the rate for White
students—widening racial disparities. Given this, districts hoping to stem discipline and
disparities may benefit from timing interventions to precede these disciplinary spikes.
In addition, early-year Black—White disparities can be used to identify the schools in
which Black—White disparities are most likely to emerge by the end of the school year.
Thus, the results reported here provide insights regarding not only when to intervene,
but where to intervene to reduce discipline rates and disparities.

school discipline | racial disparities | longitudinal data

Imagine two middle school students that have the same background, the same tempera-
ment, and the same class schedule. Now imagine they both have precisely one very “bad
day” at school, but that the first student’s bad day happens early in the year (on the first
day of the Fall), while the second student’s bad day happens later on (during the first week
of November). Would they be treated the same way, or might the first scudent receive an
informal warning while the second is saddled with a formal suspension? Now imagine
two students, one Black and one White, who both misbehave on the same day. Might the
Black student experience markedly worse treatment than the White student at certain
points in the year? In other words, does the punitiveness of a school, or the inequity in
how a school treats students of different backgrounds, vary over the year, or is it stable?
Similarly, do students’ levels of misbehavior, and disparities in misbehavior, stay constant,
or are they dynamic? If punitiveness, misbehavior, and related disparities are not stable—if
they are dynamic—how should school policy adapt?

Exclusionary discipline can harm students and society. Suspended students show a
heightened risk of depression and civic disengagement; and causal evidence indicates that
suspensions exacerbate misbehavior, harm academic performance, and lead to both juvenile
and adult incarceration (1-5). Economic analyses indicate that suspensions cost taxpayers
tens of millions of dollars each year due to lifelong government expenditures and losses
in tax revenue (6). Black students face the brunt of these consequences. Black students
have experienced higher discipline rates than White students since schools were first
integrated (7) and are now at least two times more likely than White students to receive
out-of-school suspensions among all student subpopulations (e.g., female students, poor
students) and across all school contexts (e.g., in preschools, in charter schools) (8). Recent
policy investments (9, 10) have achieved declines in overall suspension rates, but high
discipline rates remain in certain school contexts, and racial disparities are both enduring
and pervasive (11). Why might current approaches fall short? Are we missing something
fundamental about where and when harmful disciplinary actions and disparities emerge,
and how they can be ameliorated?

Perhaps. Research regarding discipline has implicitly adopted what could be termed a
“static view.” One version of the static view maintains that school features that are relatively
stable over a typical school year (e.g., principal leadership style, district policy, school
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policy, teacher composition, and student composition) drive dis-
cipline rates for Black and White students, and therefore drive
discipline disparities (12—14). As such, the static view imagines
that discipline rates may vary between districts and schools, and
may vary by student characteristics within a school, but do not
vary over short periods of time. From this vantage point, discipline
rates (overall, and for any given racial group) are no different in
August than they are in February. Put another way, the static view
assumes that the punitiveness of a school towards all students or
subgroups of students does not change over time in ways that
could inform educational policies or practices.

The static view is also implied by the way discipline data are
collected and disaggregated—data are collected at the end of the
year, and disaggregated by school and racial group, but not by
various points in the school year (7). The static view is implied by
how we evaluate common policy responses to discipline and dis-
parities, such as Positive Behavioral Interventions and Supports
(PBIS) and Restorative Practices (RP), which are typically evaluated
based on their ability to drive down end-of-year discipline rates
and discipline disparities (12, 15-21). While it holds broad implicit
support, the static view offers little in the way of guidance regarding
where, when, or how to respond to high discipline rates, or to large
discipline disparities. This is unfortunate as thousands of schools
across the country are currently implementing strategies to reduce
racial disparities in discipline (e.g., conducting widespread profes-
sional development) with no sense of when the best time to imple-
ment these strategies might be. In a key respect, enduring adherence
to the static view has forced many school leaders to fly blind.

Here, we introduce a “dynamic view” of discipline and disci-
pline disparities. The dynamic view argues that phenomena that
vary over time can drive temporal variation in discipline rates
within a school and over a school year. Research suggests at least
two reasons that discipline rates might increase at the beginning
of the year: teachers’ responses to misbehavior may grow more
severe as misbehavior persists, and student misbehavior may grow
more frequent as a response to successive instances of punishment.
A series of experiments have demonstrated that teachers escalate
their disciplinary responses with successive instances of misbehav-
ior, even over very short time frames (22, 23). This teacher-side
escalation is more severe when teachers interact with Black stu-
dents, suggesting that daily discipline disparities might also esca-
late over time. Research evaluating students’ reactions to discipline
also suggests that students who are disciplined can become defiant
(24, 25), which could lead to increases in acts of misbehavior and
discipline escalation. Indeed, a detailed propensity score matching
analysis suggested that discipline led students to increase their
rates of misbehavior (5). If, over time, students escalate in their
misbehavior and/or teachers escalate in their punitiveness, disci-
pline rates may grow as the school year progresses. In addition, if
these escalatory phenomena are uniquely pernicious for Black
students, then the Black—White discipline disparity may also grow
over the year.

Discipline rates, and levels of disparity, may vary dynamically
for other reasons. The school year features many breaks (e.g.,
Thanksgiving break, Winter break, Spring break, and Summer
break) that may impact student and teacher moods in ways that
could shift rates of misbehavior and discipline. Research (26) has
demonstrated that youth experience lower levels of depression and
anxiety when school breaks are proximate. In addition, research
reviewing the experiences of on working adults has found similarly
that stress and aggression are diminished near periods of vacation
from work (27). Might proximity to school breaks drive lower
levels of anxiety among students and teachers, and subsequently
reduce misbehavior and discipline?
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In public schools, the school year is also punctuated by many
periods of high-stakes testing. Research has shown that students
experience higher levels of sleep fragmentation during exam peri-
ods (28), that students experience higher levels of anxiety during
periods of high-stakes testing (29), and that testing anxiety is
especially high for Black students (30). Research has also found
that teachers often express feeling stressed and worried about the
prospect of preparing students for high-stakes testing and about
how students will perform on these tests (which are used for
teacher assessment) (31). Might the anxiety experienced during
periods of intense examination lead to more student misbehavior
and harsher disciplinary responses from teachers, and might par-
ticularly high anxiety among Black students drive racial disparities
in misbehavior and subsequent discipline?

While there are many reasons to take a dynamic view of disci-
pline, perhaps the strongest reason is that researchers have already
learned much by taking a dynamic view of academic achievement.
By taking a temporally granular view of student learning via
reviews of in-class activities, homework assignments, quizzes, pro-
jects, and exams, scientists have pinpointed factors that contribute
to racial disparities in performance—such as fearing confirming
negative stereotypes (32), feeling socially excluded (33), feeling
their teachers lack confidence in their abilities (34), and low levels
of parental engagement (35). Mapping academic disparities over
time has also allowed researchers to pinpoint moments in the
school year where racial disparities in achievement tend to accel-
erate and when interventions might therefore be more effective at
reducing disparities before they grow (36, 37).

Accordingly, our inquiry regarding the dynamics of discipline
is not merely motivated by curiosity. If discipline is indeed
dynamic, then mapping related dynamics could provide potent
insights regarding how, when, and where to intervene to alleviate
discipline, and combat discipline disparities. For example, should
we find that discipline rates grow or fall at certain times of year, it
could help identify temporally specific phenomena (such as holi-
days or statewide tests) that might impact student—teacher rela-
tionships either positively or negatively. Moreover, knowing when
discipline escalates could empower researchers and school leaders
to ascertain whether implementing interventions before or during
these periods of discipline escalation could help stem them.

No matter how worthwhile the endeavor, to evaluate the
dynamics of discipline, one needs atypically granular data that
steadily track students’ disciplinary experiences over time—data
that most school districts are not currently equipped to collect.
One can imagine that prior efforts to explore discipline dynamics
have been stymied by issues regarding data availability or quality.
Here, we leverage one district’s remarkably precise and detailed
data which it generated using a consistent process—teachers
throughout the district completed real-time, brief reports regard-
ing each incident of discipline immediately after it occurred,
including the date of the incident, the student behavior that elic-
ited the discipline, and the precise disciplinary response. This
process was used for all disciplinary incidents, including suspen-
sions (which accounted for about half of incidents) and minor
incidents such as verbal warnings, calls home, and detentions
(SI Appendix). That the district’s data include minor infractions is
notable given recent research demonstrating that minor infractions
often precede more serious ones, and that Black students receive
more minor infractions than their White peers (38). Given this,
to accurately capture the extent to which schools grow more or
less punitive over time, both minor and severe disciplinary
responses should be reviewed. These data allow such a precise and
broad review. The data reviewed in this article capture daily dis-
ciplinary experiences for 46,964 middle school students who
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attended school between the 2015 to 2016 and 2018 to 2019
school years (see SI Appendix for more information about the
sample). Given its breadth and temporal granularity, these data
empower us to take a detailed, dynamic view of discipline.

Equipped with these unique data, we first seek to ascertain how
the daily discipline rate shifts over time. Is it stable across the year,
as implied by the static view? Does it increase over time, as might
be expected given research on the escalation of student misbehav-
ior and of teachers’ responses to successive misbehaviors? Is it lower
after breaks? Or higher during periods of examination? We model
the daily discipline rate over time to answer these questions.

Next, leveraging student demographic information, we seek to
determine whether the Black—White disparity in the daily disci-
pline rate shifts over time. Specifically, does the daily discipline
disparity grow early in the year, as might be expected given that
teachers’ disciplinary responses escalate more quickly when inter-
acting with Black students?

Finally, if the daily discipline disparity does indeed increase over
time, can we predict the kinds of schools where the daily discipline
disparity escalates the most aggressively? Research suggests that
simply witnessing racial inequity can ironically lead to behavior
that increases racial disparities (39-41). Given this, we might
expect that the daily discipline disparity will escalate most sharply
in schools that have a higher degree of discipline disparity early
in the year. Finally, using these data, we can ascertain if the begin-
ning of the year provides sufficient information to predict the end
of the year—whether early-year discipline rates will predict end-
of-year discipline rates. If this is so, early-year discipline disparities
could be used as a “warning sign,” empowering districts to target
resources toward schools where the disparity is expected to grow.

Results

Daily Discipline Rates Are Dynamic. In each school year, in each
school, and for each type of student analyzed, the daily discipline
rate (or proportion of students who experienced discipline
on a given day) followed the same general pattern (Fig. 1, see
SI Appendix for subanalyses based on school year, school, and
student demographics). The daily discipline rate at the beginning
of the year (mid-August) was very low. However, it increased
precipitously through Labor Day (early September) then continued
to increase, albeit somewhat more slowly, in the weeks leading up to
‘Thanksgiving (mid-November). Thereafter, it declined substantially
just before major school breaks (Thanksgiving, Winter Break, and
Spring Break), and grew substantially immediately after those breaks
(Fig. 2, see SI Appendix for subanalyses of prebreak and postbreak
trends). Notably, we do not see evidence that the daily discipline
rate is responsive to periods of high-stakes testing (S Appendix).
As presented in ST Appendix, these trends (steep escalation early
in the year, deescalation just before breaks, and escalation directly
after breaks) appeared in data subdivided by: school (for 20 schools
with 100 or more students in each year), school year (2015 to
2016,2016t02017,2017 to 2018, and 2018 to 2019), discipline
incident type (suspensions incidents or nonsuspension incidents),
total discipline experienced in the current year (students who
experienced 1 incident, 2 to 4 incidents, or 5 or more incidents),
total discipline experienced in the prior year (0 incidents, 1 inci-
dent, 2 to 4 incidents, or 5 or more incidents), student grade (6th,
7th, or 8th), student sex (female or male), student English
Language Learner (ELL) status (received or did not receive ELL
services), student Free-or-Reduced-Price Lunch (FRPL) status
(received or did not receive FRPL services), and student race
(White, Black, Hispanic, or Asian). To the extent that these data
indicate that schools grow more or less punitive at specific times
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Fig. 1. Estimates of the daily discipline rate over time via linear and local
polynomial regressions. Note. Solid lines depict linear models. Dashed lines
depict local polynomial models. Linear models were executed by regressing
a dichotomous indicator of whether a discipline incident occurred on a given
student-day (0 - “no discipline on student-day”; 1 - “discipline occurred on
student-day”) against a running variable expressing the day of the year on which
a given student-day fell (1 = “first day of school year,” 2 =“second day of school
year,” and so on). Resulting regressions depict the daily discipline rate. So, for
example, they indicate that on the first day of the Fall term, close to 0.1% of
students experienced discipline; but at the end of the first period (on the day
before Labor Day), 0.4% of students were disciplined. The data are broken out
into seven periods: 1) first day of the Fall term through day before Labor Day,
2) Day after Labor Day through day before Thanksgiving break, 3) Day after
Thanksgiving break through day before midterm exams, 4) First day of midterm
exams through day before Winter break, 5) Day after Winter break through
day before Spring break, 6) Day after Spring break through day before final
exams, and 7) First day of final exams through the day before Summer break.

in the school year, these dynamic trends impact students of all
backgrounds and in varying contexts. Even among students who
only experienced one disciplinary incident over the course of the
entire year, we see the same dynamic pattern, indicating that these
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Fig. 2. Linear estimates of the daily discipline rate before and after school
breaks. Note. Figure depicts results of regressions in which we regressed a
dichotomous indicator of whether a discipline incident occurred on a given
student-day (0 - “no discipline on student-day”; 1 - “discipline occurred on
student-day”) against a running variable expressing the day of the year on
which a given student-day fell relative to school breaks (=10 =“10 days before
aschool break,” 2 = “the second day back after a school break,” and so on). The
school breaks reviewed included Thanksgiving, Winter break, Spring break,
and Summer break. Resulting regressions depict the daily discipline rate over
time, and demonstrate that the daily discipline rate generally falls as school
breaks approach, and grow after school breaks. The light blue band around
the regression line represents the 95% confidence interval around the linear
estimate at any given point.
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dynamics are not merely driven by students who frequently expe-
rience discipline, but by students throughout the school, in all
grade levels, across demographic groups, and even across different
schools within the district.

To put these results in context, let us review data from the 2015
to 2016 school year. Here, we report results from ordinary least
squares models, but results are functionally identical when we
employ other modeling strategies (logistic regression, random
coeflicient models, local polynomial models—see SI Appendix).
In 2015 to 2016, on the first day of the school year (8/24/15),
our linear models estimate that 0.008% of students experienced
discipline. However, after the daily discipline rate steadily
increased, on the day before Labor Day (9/4/15), the estimated
percentage who experienced discipline was 0.03%—approxi-
mately 40 times higher. After the daily discipline rate continued
to increase, on the day before Thanksgiving break (10/16/15), 1%
of students experienced discipline—over 120 times more than
experienced discipline on the first day. While this may seem like
a small percentage, bear in mind that we are reporting here the
daily discipline rate, meaning that on October 16, 2015, we esti-
mated that one student out of every one hundred students expe-
rienced a recorded discipline incident (as compared with a
markedly lower rate earlier in the year).

This pattern of discipline escalation early in the year was
remarkably similar across years, schools, and student characteris-
tics (S Appendix) and provides strong evidence that schools
become more punitive over time in the early weeks of the school
year. In data pooled across years and schools, regression models
indicate that the “discipline escalation” effect is statistically signif-
icant in both the first period (between the first day of fall and
Labor Day) and the second period (between Labor Day and
Thanksgiving) (first period, £(1,283,484 student-days) = 0.00019,
student clustered SE = 0.0000082, 7 = 23.40, P < 0.001; second
period, 6(4,349,163 student-days) = 0.000066, student clustered
SE =0.0000029, ¢ = 23.09, P < 0.001).

The pattern of deescalation before school breaks, and escalation
after school breaks, was also similar and consistent across years,
schools, and student groups (87 Appendix). In pooled data, the
discipline deescalation effect just before school breaks is statisti-
cally significant [£(3,386,883 student-days) = -0.00041, student
clustered SE = 0.000016, #=26.33, < 0.001], as is the discipline
escalation effect after school breaks [46(3,386,880 student-days) =
0.00028, student clustered SE = 0.000014, = 20.87, P < 0.001].

Racial Disparities Are Dynamic. Like students overall, students
from each racial group (White, Asian, Hispanic, or Black) see
their daily discipline rate increase between the first day of the Fall
and Labor Day, and again (slightly less quickly) between Labor
Day and Thanksgiving. However, Black students see by far the
steepest escalation in their daily discipline rate during these time
periods. As such, the Black—White daily discipline disparity (or
the difference between the daily discipline rate for Black students
and White students) grows precipitously between the first day of
the year and Labor Day, and continues to grow at a slower, albeit
still alarming, rate between Labor Day and Thanksgiving (Fig. 3).
The disparity escalation effect appeared when we reviewed data
subdivided by school year (2015 to 2016, 2016 to 2017, 2017 to
2018, and 2018 to 2019), discipline incident type (suspensions
incidents or nonsuspension incidents), student grade (6th, 7th, or
8th), student sex (female or male), student ELL status (received or
did not receive ELL services), and student FRPL status (received
or did not receive FRPL services), and even appeared in each of
the 20 schools that served 100 or more students in each school

year (SI Appendix).
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Fig. 3. Linear estimates of the daily discipline rate over time, by student
race. Note. Figure depicts regressions in which we regressed a dichotomous
indicator of whether a discipline incident occurred on a given student-day
(0 - “no discipline on student-day”; 1 - “discipline occurred on student-day”)
against a running variable expressing the day of the year on which a given
student-day fell (1 = “first day of school year,” 2 = “second day of school
year,” and so on). Resulting regressions depict the daily discipline rate. So,
for example, they indicate that in the 2015 to 2016 school year, on the first
day of the Fall term, 0.3% of Black students experienced discipline; but on the
19th day of the 2015 to 2016 school year (the day before Labor Day), 1.2%
of Black students were disciplined. The data are broken into the same seven
periods explained in Fig. 1. Results are functionally identical when using logistic
regression models and random coefficient models (S/ Appendix).

Looking at data across years and schools, the estimated Black—
White daily discipline disparity on the first day of the year is 0.3
percentage points, but increases steadily such that on the day
before Labor Day, the Black—White daily discipline disparity is
1.2 percentage points (approximately four times higher). The
Black—White daily discipline disparity increases steadily again
between Labor Day and Thanksgiving such that on the day before
Thanksgiving, it is 1.9 percentage points (more than seven times
higher than it was at the beginning of the year). An interacted
regression echoes the point, showing that over the period between
the first day of Fall and Thanksgiving, the escalation in the daily
discipline rate is significantly higher for Black students than for
White students (£5(4,121,797 student-days) = 0.0002, student
clustered SE = 0.0000086, ¢ = 23.43, P < 0.001). Overall, our
models provide strong evidence of disparity escalation.

As noted above, the daily discipline rate diminishes for students
of all backgrounds as school breaks approach. This decline is faster
for Black students than it is for White students (5(2,479,040
student-days) = -0.00081, student clustered SE = 0.000062,
t=13.24, P<0.001). As such, the daily discipline disparity dimin-
ishes as school breaks approach. In fact, as depicted in Supporting
Information, the estimated daily discipline disparity 10 days A
before the typical school break is approximately 0.017 while the
estimated daily discipline disparity one day prior to the typical
school break is 0.010 (approximately 41% smaller).

Early-Year Discipline Disparities Predict Both Disparity Escalation
over the Fall and End-of-Year Discipline Disparities. Schools with
the largest early-term racial disparities saw the steepest growth in
the Black—White discipline disparity (i.e., disparity escalation).
Schools varied meaningfully in their comparative treatment of
Black and White students in the first 10 school days of the year.
We grouped schools into quartiles based on the size of the Black—
White discipline gap during these first 10 days. These initial
discipline gaps were related to eventual growth in the Black/White
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discipline gap (Fig. 4). Schools in the fourth quartile (those with
the highest Black—White disparity early in the year) saw the largest
growth in the Black—White discipline disparity between the first
day of the year and Thanksgiving. While schools varied somewhat
in their treatment of White students, the dynamic growth of
discipline disparities was largely a function of variation in how
schools responded to Black students. Fourth quartile schools saw
markedly more escalation in the Black discipline rate, and thus
saw more escalation in the Black—White disparity. These “high-
early disparity,” or fourth quartile, schools saw more growth in the
Black—White disparity than those in other quartiles: 59% more
than first quartile schools; 34% more than second quartile schools;
and 83% more than third quartile schools. Interacted regressions
echo the point, showing that the Black discipline rate grew more
quickly in high-early disparity schools than in high-mid disparity
schools, low-mid disparity schools, or low disparity schools (high
versus high-mid: £5(496,518 Black student-days) = 0.00012, Black
student clustered SE = 0.000024, ¢ = 4.96, P < 0.001; high versus
low-mid: £5(380,946 Black student-days) = 0.000059, Black
student clustered SE = 0.000027, = 2.21, P = 0.027); high versus
low: £5(390,485 Black student-days) = 0.00012, Black student
clustered SE = 0.000025, ¢ = 4.68, P < 0.001).

Schools with larger early-term racial disparities also saw larger
end-of-year discipline disparities (Fig. 5). Regression results [4,(70
schools) = 1.43, SE = 0.21, # = 6.93, P < 0.001] indicated that
early-year discipline disparities (calculated over the first 10 days
of the school year) were predictive of eventual discipline dispari-
ties. Indeed, simply knowing the level of discipline disparity that
occurred during the first 10 days of the school year was sufficient
to predict 41% of the variation in end-of-year discipline disparities
[6,(70 schools) = 1.43, SE = 0.21, = 6.93, P < 0.001]. The pre-
dictive power jumps considerably when one reviews the first
20 days of the school year [4,(70 schools) = 1.55, SE = 0.14,
t=11.18, P <0.001], as knowledge of schools’ comparative treat-
ment of Black and White students during just these first 20 days
of the school year was sufficient to predict 65% of the variation
in schools’ end-of-year discipline disparities.

Daily discipline rate

Discussion

Those hoping to stem racial disparities in discipline have long
relied on static, end-of-year discipline rates to identify (7, 42),
interpret (19, 43), and evaluate interventions to stem disparities
(17, 18, 44, 45). Yet the present research presents convincing
evidence that discipline is dynamic. Schools tend to grow more
punitive between the beginning of the year and Thanksgiving, and
tend to grow increasingly more punitive towards Black students
(relative to White students) during this time. They grow less puni-
tive as school breaks approach, and grow more punitive after these
breaks. These trends appear across years; they appear across school
contexts; they appear across student subpopulations; and they
appear both among students who are frequently disciplined and
among students who are not frequently disciplined. That these
trends appear across years is particularly notable given that the
district we studied here implemented Restorative Practices (RP)
and Positive Behavioral Interventions and Supports (PBIS) during
the 2015 to 2016 school year, in the middle of the study period.
Knowledge of the dynamics of discipline and discipline disparities
can help us better understand what students and teachers are feel-
ing throughout the school year; when to provide student and
teacher-facing support and professional development; and where
to target limited resources.

What Students and Teachers Feel

As daily discipline rates and daily discipline disparities escalate,
what must this period of disparity escalation feel like for a Black
student? On the first day, they may not notice much—as they are
treated similarly to their peers of other races. However, inequities
in treatment appear quickly and grow precipitously. By
Thanksgiving, they experience and may become aware of stark
disparities. Research demonstrates that as early as Fall of the 6th
grade, Black middle school students are more aware of racial bias
in discipline than their peers, which predicts a loss of trust in their
schools, and ultimately predicts yearlong discipline infractions
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Fig. 4. Daily discipline rate for Black and White students, by early-year discipline disparity in school and year; and growth in discipline disparity by early-year
discipline disparity. Note. Early-year discipline disparity (ED) was calculated by determining the proportion of Black students that were disciplined in the first
10 d of a given year and subtracting from it the proportion of White students that were discipline during the same time period. Using this measure, schools were
subdivided based on whether they had a high ED score (fourth quartile), a high-mid ED score (third quartile), a low-mid ED score (second quartile), or a low ED
score (first quartile). Analyses were limited to the 16 schools for which there was sufficient data to precisely estimate the early-year discipline rate (i.e., those
that had 50 or more Black and White students in each school year). The growth in discipline disparity was measured by measuring how much the Black-White
discipline disparity grew between the first day of the Fall and the day before Thanksgiving.
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Fig.5. Relationship between early-year discipline disparities and end-of-year discipline disparities using 10 (left) or 20 (right) d of data. Note. Early-year discipline
disparities were computed by calculating schools' mean daily discipline rates for Black students during the first 10 (or 20) days, and subtracting schools' mean
daily discipline rates for White students during the first 10 (or 20) days. End-of-year disciplinary disparities were computed using the same approach but looking
at data across the entire school-year. All calculations were conducted at the level of school and year combinations (e.g., school A in the 2015 to 2016 school
year had a unique score from school A in the 2016 to 2017 school year, as school A may have evidenced distinct Black-White disparities in those 2 years) and
feature the n = 70 school-years with sufficient data to generate precise estimates of discipline rates for Black and White students (50 or more Black students,

and 50 or more White students).

through 8th grade (45). The present research may help explain how
this process begins. One possibility is that as racial disparities in
daily discipline rates escalate early in the school year, Black students
may conclude (rightly or wrongly) that their teachers harbor racial
biases. This, in turn, could sour student—teacher relationships, lead
to negative relational spirals, and accelerate disparity escalation.
Alternatively, the present research could help explain how teacher
biases are engendered, activated, sustained, or amplified. As racial
disparities in daily discipline rates grow, teachers may conclude
(even subconsciously) that Black students are more unruly, and
may punish them more often and more aggressively as a result (43).
Future research could explore whether students and teachers are
aware of escalation in discipline and discipline disparities; whether
Black students who perceive growing unevenness in discipline
become more distrusting and defiant; and whether teachers who
perceive growing unevenness in discipline grow more inequitable
in their reactions to students of different racial backgrounds.

Just as discipline grows early in the year, it falls as school breaks
approach. Across contexts and student populations, school breaks
precipitate short-lived but prominent declines in both daily dis-
cipline rates and daily discipline disparities. Future research should
seek to identify the cognitive processes that engender these reduc-
tions, and ascertain whether the attendant psychological states can
be reproduced and leveraged to reduce discipline rates and dispar-
ities at other points in the year. For example, researchers might
explore whether interventions that make the school year feel less
imposing and reduce student and teacher anxiety (such as morning
meditation or sporadic in-school celebrations) could help allay
discipline and disparities. Finally, and contrary to our expecta-
tions, the period after school breaks evidences increases in puni-
tiveness. Research (27) demonstrates that employees see reductions
in stress and aggression after vacations, but only if they work in
low-stress jobs. Might the stressfulness of the job of teaching play
a role in the failure of school vacations to drive sustained reduc-
tions in punitiveness? Or might the stress of the job cause teachers
to experience spikes in stress when they return that could drive
the post-vacation increases in punitiveness we observe in these
data? If this is so, researchers should explore whether interventions
that help teachers avoid post-vacation stress spikes could yield
reductions in discipline escalation and disparity escalation.
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Another possible explanation for the decreases in discipline rates
before breaks and the increases in discipline rates after school
breaks that we observe in these data relates to how students and
teachers might accrue trust and understanding. During the sus-
tained periods of successive interactions that occur before breaks,
students may grow to trust teachers more, and teachers may come
to better understand students. Research indicates that the evolu-
tion of student trust (17, 18) and teacher understanding (17, 23)
can drive reductions in misbehavior and discipline. However, what
of the increases in discipline after school breaks? Perhaps during
lengthy breaks, students and teachers lose sight of previously accu-
mulated trust and understanding, leading to downward spirals
when they reengage. Future research could explore how students’
sense of trust, and teachers’ levels of patience and understanding,
might shift after school breaks; and whether interventions that
help students and teachers reconnect in a positive way after school
breaks could help alleviate discipline and discipline disparities.

When to Intervene

The first days of the year evidence huge growth in both the daily
discipline rate and the Black—White daily discipline disparity.
Perhaps, then, interventions will be more successful if they precede
or align with these periods of escalation. For example, students
may benefit more from interventions that boost their sense of
belonging or empower them to improve student-teacher relation-
ships if these interventions occur on the first day of the school
year. This accords with research (17, 18) finding that psychological
interventions launched early in the Fall semester (when student—
teacher relationships form, and initial conflicts emerge) can reduce
suspensions and related racial disparities. These interventions tar-
get mechanisms (e.g., students sense of belonging) that empower
students to form positive initial impressions and navigate relation-
ships in a healthy way. Students who experience these interven-
tions early in middle school may avoid relational poisoning that
might otherwise occur.

As Thanksgiving approaches, discipline and discipline dispari-
ties grow rapidly and reach a zenith. Given research linking exclu-
sionary discipline to student depression (1), schools may want to
ensure adequate psychological services are available for students
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before, during, and after Thanksgiving break. What of the timing
of high-stakes testing? Perhaps the most surprising finding from
this research is that the daily discipline rate does not appear to be
responsive to the timing of high-stakes testing. Notably, our anal-
yses feature data from a single district, and it is possible that this
district exhibits an atypically high degree of patience and inclusion
during periods of high-stakes testing. If this is so, then perhaps
the daily discipline rate might increase prior to periods of high-
stakes testing in other contexts. However, it may also be the case
that these analyses signal that schools and districts have reduced
their reliance on student push-out tactics—or the practice of sus-
pending or expelling low-performing students immediately before
high-stakes testing occurs to improve school-wide scores.
Alternatively, push-out may persist, but may not be a major driver
of temporal variation in discipline rates. Whatever the case may
be, these findings cut against earned wisdom surrounding disci-
pline and high-stakes testing, and instead point to other periods
in the year (e.g., the periods after school breaks) as moments where
discipline tends to grow more severe (and when interventions
might be targeted).

This research also provides insights regarding when to imple-
ment teacher-facing professional development. Research suggests
that teachers’ racial biases can indeed drive racial disparities in
discipline (22). Thus, another, and perhaps a more direct, means
of reducing discipline (and alleviating student anxieties about
teacher racial bias) is to empower equitable responses by teachers.
Research (17, 23) indicates that encouraging teachers to be more
empathetic toward students, to adopt a growth mindset about
student—teacher relationships, and to hear and appreciate student
perspectives can empower teachers to treat Black and White stu-
dents more equally. Particularly given how quickly discipline dis-
parities grow in the first days of the school year, the present
research suggests that teacher-facing interventions designed to
empower teachers to treat students equitably should be imple-
mented before the school year begins, and should perhaps be
revisited during or immediately after school breaks.

Where to Intervene

This research identified the kinds of schools where discipline
disparities tend to grow rapidly over time, and where disparities
tend to be most severe at the end of the year—namely schools that
see high racial discipline gaps in the first days of the school year.
Measuring early discipline disparities may prove a powerful means
of predicting eventual discipline disparities. Just as researchers and
policymakers leverage early academic indicators to identify students
who are not “on track” for high school graduation and thus need
targeted intervention to avoid later challenges (46-48), stakeholders
could leverage schools™ early-year discipline disparity scores as a
marker of disparity escalation to come, and of eventual end-of-year
racial disparities in discipline. Leveraging as few as 10 days of data,
district and other leaders could target resources toward schools
where disparities are likely to emerge, empowering these schools to
mitigate disparities before escalation takes hold and huge disparities
result. Notably, research (49) has provided evidence that student
composition is related to differential treatment. Future research
could therefore explore whether early-year discipline rates might be
used in conjunction with student composition (and other school
variables) to predict where racial disparities might emerge even more
accurately. This combined approach might empower more effective
intervention to avoid racial disparities.

As we deepen our understanding of the dynamic nature of
discipline and discipline disparities, we can pinpoint levers for
change and sweet spots for intervention. In doing so, we can
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empower educators to mitigate the lifelong negative consequences
of discipline.

Analytic Plan. We recruit data from a large school district serving
over 45,000 middle school students in over 60 middle schools. The
Institutional Review Board (CPHS) at University of California,
Berkeley, approved the research we conducted using the data
from this district (PI: Okonofua). Like many urban and suburban
districts that serve millions of our nation’s students, this district
is demographically similar to the broader United States (50). For
example, similar percentages of students in the district and United
States are Asian (5% versus 5%), Black (18% versus 15%), Hispanic
(17% versus 27%), and White (55% versus 48%). In terms of
economic diversity, 58% of the students receive free and reduced-
priced lunch, as compared with 52% of students nationally. Like
many other districts, this district serves a mix of urban and suburban
neighborhoods and has a median income of around $54,000
(compared with the national median income of $62,000) (51).
Schools in the district are also similar in size to schools nationally.
On average, schools in the district educated about 590 middle
school students, as compared with the national average of 575
middle school students (52); and, like the nation, the district features
schools of varying sizes, with 38% of schools serving under 100
students, and 38% of schools serving over 1,000 students. Finally,
like many districts (20), this district recently provided its staff with
professional development in R] and PBIS. Thus, in terms of student
demographics, neighborhood characteristics, school characteristics,
and school practices, this district appears similar to many other
urban and suburban districts, and therefore the foregoing findings
may be generalizable to many middle school contexts.

We review daily administrative discipline data from this district
for the 46,964 middle school students who attended during the
2015 to 2016, 2016 to 2017, 2017 to 2018, and 2018 to 2019
school years. As noted in the introduction, these data were cultivated
via a systematic process: Teachers were required to input information
about each disciplinary incident in a consistent manner and imme-
diately after it occurred, including the behavior that led to the inci-
dent, the disciplinary response, and the date of the incident. These
data can be used to ascertain whether any student experienced dis-
cipline on any day. We use these data to produce a student-day
dataset with each row indicating whether a given student experi-
enced a recorded disciplinary incident on a given day (a student-day
dataset with 23,363,457 rows). The most common sanctions were
in-school suspensions; out-of-school suspensions; verbal reprimands
and warnings; and detentions (S/ Appendix). In addition, the data
provide insight into the school each student attended, their racial
and gender demographics, whether they were designated as receiving
FRPL, and whether they were designated as receiving ELL instruc-
tion (“ELL”). Finally, the data also provide temporal information
about each day in the data: the semester it occurred in (e.g., Fall,
2015 to 2016); the day of the week it fell on (Monday—Sunday);
whether the day was a school holiday; and whether the day fell
during midterms, finals, or high-stakes testing periods. While we
omit weekends and holidays from our data (netting a dataset with
15,128,958 student-days), results are similar when they are retained.

We leverage these data to predict the daily discipline rate over
time. To achieve, this, we first broke the data into successive, non-
overlapping periods based on the timing of holiday and exam peri-
ods. Thus, for example, we broke the 2015 to 2016 school year into
12, nonoverlapping periods, with, for example, the first period
encompassing the duration between the first day of the Fall term
(8/24/15) and the day before the Labor day holiday (9/4/15); the
fifth period encompassing the duration between the first day of
midterms (12/15/15) and the last day of the Fall term (12/18/15);
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and the 10th period encompassing the duration between the first
day back after Spring break (3/28/16) and the day before high-stakes
testing began (4/8/16). We used the same approach to break up the
other three school years, then used four approaches to model the
daily discipline rate over time (S/ Appendix). Findings were similar
across approaches. The four modeling approaches were 1) linear
regression, 2) local polynomial regression, 3) logistic regression, and
4) student-level multi-level random coefficient models. Findings
wete also similar across years; so we pooled data to create a “repre-
sentative year.” Findings were also similar whether we leveraged our
more detailed approach to breaking up the school year (into 12
nonoverlapping periods) or used a simpler approach (breaking the
school year into seven periods demarcated by the First day of the
Fall term, Labor Day, Thanksgiving break, midterm exams, Winter
break, Spring break, final exams, and the last day of the Spring
term). This approach was deemed appropriate in part because we
did not find any evidence to suggest that the discipline rate was
responsive to the timing of high-stakes testing (S/ Appendix).

Above, we present results generated using linear regression to
estimate discipline rates over time. We opt for linear models pri-
marily because our findings do not change if we leverage other
approaches and because linear models produce more easily com-
prehensible visuals and analyses. Formally, we regress a dichoto-
mous indicator of whether a discipline incident occurred on a
given student-day (0 — “no discipline on student-day”; 1 — “disci-
pline occurred on student-day”) against a running variable express-
ing the day of the year on which a given student-day fell (1 = first
day of school year,” 2 = “second day of school year,” and on). Our
linear regression models are:

Model 1: Discipline on Student — Day
= a + f,(Day of Year) + ¢.

It may not be immediately intuitive why this model estimates the
discipline rate over time. Note, however, that on the left side of
our regression is our indicator of whether a given student-day
involved a disciplinary incident. Regression will attempt to predict
the mean of this value contingent on whatever is on the right side
of the regression. Now, imagine that the discipline rate does indeed
increase steadily as a function of the day of the term such that the
proportion of students experiencing discipline per day increases
by 0.001 (or 0.1%) each day. Given (as is the case) that each
student-day encompasses data from a similar number of students,
this model therefore indicates the proportion of student-days on
a given day that involved a disciplinary incident or, put another
day, the proportion of students who experienced discipline on that
day—in short, the daily discipline rate.

Our first research question concerned how the daily discipline
rate might evolve over time—is it static or dynamic? To ascertain
how the daily discipline rate changes over time within each of our
nonoverlapping periods, we look at ;. If the daily discipline rate
does not change over time in a given period, f; will be zero or
very near zero. If the daily discipline rate grows over time in the
period, 3, will be positive. We term this phenomenon discipline
escalation. In addition, if the daily discipline rate falls over time
in that the period, #; will be negative—a phenomenon we term
“discipline deescalation.” While we leverage hypothesis tests to
evaluate whether | is significantly distinct from zero, given the
huge amount of data in our models, these tests may not be an
effective means of ruling out false positives. We thus also leverage
visual review processes that demonstrate how daily discipline rates
evolve over time within periods. Our first research question also
involved how the daily discipline rate change early in the year,
how it might be responsive to school breaks, and how it might
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react during periods of high-stakes testing. We leverage both
hypothesis testing and visual examination approaches to answer
related questions: is there discipline escalation at the beginning of
the year, is there discipline deescalation around school breaks, is
there discipline escalation before or during periods of high-stakes
testing, and is there discipline deescalation after periods of high-
stakes testing? Questions regarding school breaks and high-stakes
testing periods required additional data formatting. For the for-
mer, we generated a variable that indicated how close to a school
break a given student-day was (e.g., if it was 10 days before a break,
it was given a value of “~10,” and if it occurred on the third day
after students had returned from a given break, it was given a value
of “3”). For the latter, we generated a similar variable, however
the variable also captured whether a given student-day fell during
the high-stakes testing period and, if so, at what point.

Our second research question is whether discipline escalation is
differential based on student characteristics such that the daily
discipline rate for Black students grows more quickly than the daily
discipline rate for White students—a phenomenon we term “dis-
parity escalation.” To ascertain whether there is evidence of dispar-
ity escalation, we use the same model depicted above, but run on
student subgroups. We then compare f; estimates and related
visual representations of these estimates for Black students and
White students. We also use an interaction regression model in
which we formally regress the dichotomous indicator of whether
a discipline incident occurred on a given student-day against the
running variable expressing the day of the year on which a given
student-day fell interacted with the race of the student attached to
a given student-day (0 = White, 1 = Black). In the model below,
if Black students see steeper discipline escalation than White stu-
dents in a given period (i.c. if there is evidence of disparity escala-
tion), then f3; will be positive and significantly distinct from zero.

Model 2: Discipline on Student — Day
= a + f, (DayofYear) + f, (Student Race)
+ f3 (Day of Year X Student Race) + .

As noted above, we observe that the daily discipline rate diminishes
for students of all backgrounds as school breaks approach, and
appears to diminish more quickly for Black students than for White
students. To empirically ascertain if the daily discipline disparity
reduces over time as school breaks approach, we leverage an inter-
acted regression in which we regress our discipline on student-day
marker against a variable that marks proximity to school breaks
(in which a student-day would have a score of “~10” if it occurs
10 days prior to a school break, and a score of -1 if it occurs the
day before a school break), a dummy variable indicating if the
student is Black (1) or White (0), and the interaction of the prior
two variables. Whereas in our visuals we look both at student-days
that occur before school breaks and at student-days that appear
after school breaks, in this analysis, we limit ourselves to student-
days that appear before school breaks to ascertain whether the
deescalation in the daily discipline rate that occurs before school
breaks is differential based on race. Formally our model is:

Model 3: Discipline on Student— Day
= a + f; (Day Relative to School Break) + f, (Student Race)
+ f; (Day Relative to School Break X Student Race) + €.

Odur last set of analyses reviews whether the disparity escalation is
more extreme in schools with a high inital level of discipline dis-
parity. To conduct these analyses, we first predict the proportion of
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Black students who experienced discipline on any day in the first
10 d of the school year in each school. To do this, within each school
and in each year, we calculate the mean of the discipline-incident
marker for student-days of Black students and occurring in the first
10 days of the year. We repeat the process for White students to
calculate the school-specific initial discipline rate for White students.
We then subtract the White initial discipline rate from the Black
initial discipline rate to generate the school-and-year-specific meas-
ure of initial discipline rate disparity. Importantly, to ensure a precise
measure of discipline disparity, we restrict this particular analysis to
students who attended schools that had at least 50 White students
and at least 50 Black students in each of the four school years
(16 schools). Having generated a school-and-year-specific measure
of discipline disparity, we identify the early-year disparity quartile
that each student belongs to—for example, in that year, was that
student in a school that had one of the largest early-year disparities
in discipline (quartile four), or was that student in a school that had
one of the smallest early-year disparities in discipline (quartile one).
Having determined the kind of school that each student attended
in each year, we then ascertained whether students saw faster disci-
pline disparity escalation when they attended schools that had higher
rates of discipline disparity early in the year. As with our approach
to evaluating the second research question, here again we use a visual
representation of linear regression results to ascertain if disparities
grow more quickly in certain schools. We also formally compare the
first derivative of the Black daily discipline rate in schools in the
fourth quartile (high initial disparity) to that of schools in the other
three quartiles (e.g., low initial disparity) via interacted regression:

Model 4: Discipline on Student— Day (Black Students)
= a + f, (Dayof Year) + f, (Discipline Quartile)
+ f3 (Day of Year X Discipline Quartile) + €.

We also review whether end-of-year Black—White discipline dis-
parities are more extreme in schools with a high initial level of
discipline disparity. Put another way, we examine whether early-
year discipline disparities might be used as an early warning sign
to predict end-of-year discipline disparities. To conduct these
analyses, we first group the data into school and year combinations
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(e.g., school A in 2015, or school C in 2018). Then, within each
school-year combination, we predict the mean daily discipline rate
for Black students during the first 10 days of the year, and repeat
the process for White students. Finally, we calculate the difference
between the Black mean early-year discipline rate and the White
early-year mean discipline rate to glean the early-year Black—White
discipline disparity. This can be understood as how much more
discipline Black students typically received than White students
during the first 10 d of the school year. We repeat this process for
a 20-days time period in part because discipline escalation and
disparity escalation are both most severe during the first 20 or so
days of the school year. We then calculate the end-of-year Black—
White discipline disparity by repeating the same process, but over
the year (rather than simply over the first 10 or 20 days). To ensure
precision, we restrict our analyses to school-year combinations
that have at least 50 Black students and at least 50 White students.
Having generated school-and-year specific measures of initial dis-
cipline disparity and eventual discipline disparity, we regress the
end-of-year discipline disparity against the initial discipline dis-
parity via the following two models:

Model 5: End — of — Year Discipline Disparity

= a + f;(10 — Day Discipline Disparity) + €,
Model 6: End — of — Year Discipline Disparity

= a + f;(20 — Day Discipline Disparity) + €.

Data, Materials, and Software Availability. Data are not publicly available at
present due to the potentially identifiable nature of students' discipline records.
However, all data created and or analyzed as part of this study and all R and STATA
code used to analyze the data are available from the corresponding authors on
reasonable request.
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