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Abstract
This study examined the impact of a state policy requiring that any school with a habitual truancy rate of 8% or higher to be 
trained in Tier 1 school-wide Positive Behavioral Interventions and Supports (SW-PBIS). A regression discontinuity (RD) 
design was used to examine how the schools’ mandate status related to SW-PBIS training as well as student suspensions, 
truancy, and achievement in 410 public middle and high schools, of which 261 were affected by the mandate. We further 
examined the growth trajectories (i.e., improvement) of implementation fidelity over time using growth mixture modeling 
(GMM). Contrary to the intent of the policy to improve student outcomes, the RD results suggested that the mandate did not 
significantly impact reading and math achievement, truancy rates, or SW-PBIS training in 2010–2011 through 2013–2014. 
Mandated schools had higher suspension rates in 2010–2011 through 2013–2014 than the non-mandated schools; however, 
these differences in the suspension rates appear to have persisted from years prior to the mandate. Descriptive analyses sug-
gested that mandated schools had statistically significantly higher rates of training, and the GMM analyses on the fidelity data 
indicated that mandated schools were significantly more likely to be in an improving implementation growth trajectory over 
time. Taken together, results suggested that the policy showed some promise for improving SW-PBIS training and fidelity 
over time, but it had little to no impact on student outcomes.
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Although decades of educational research highlight the 
importance of adopting and scaling up evidence-based pre-
vention models to improve behavioral and academic out-
comes, there has been relatively limited uptake of some of 
the most effective prevention programs and frameworks 
in schools across the USA (Fagan et al., 2019; Glasgow 
et al., 2012; Spoth et al., 2013). A recent trend is the use 
of policy to promote scale-up of evidence-based programs, 
either through incentive or in reaction to mandate (Fagan 
et al., 2019; Sheras & Bradshaw, 2016). Yet, there has been 

limited research on how policy impacts the implementation 
of prevention programs or the outcomes achieved. The cur-
rent paper focused on this recent policy trend by considering 
the effects of a state educational policy that required schools 
with high rates of student truancy (i.e., chronic absentee-
ism) to implement an evidence-based prevention framework 
called School-Wide Positive Behavioral Interventions and 
Supports (SW-PBIS; Sugai & Horner, 2006). This multi-
tiered framework aims to create refined systems and proce-
dures for preventing and responding to student behavior in 
all classroom and non-classroom contexts.

Specifically, this study examined the impact of a state pol-
icy which mandated the implementation of Tier 1, SW-PBIS 
in schools with truancy rates of 8% or higher. Using a regres-
sion discontinuity design (Thistlewaite & Campbell, 1960; 
Trochim, 2001), we estimated the effect of the state policy 
on student academic and behavioral outcomes and SW-PBIS 
training status (i.e., whether or not a school had been trained 
in SW-PBIS) for schools above and below this 8% truancy 
threshold. We also examined the changes in implementation 
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fidelity of the SW-PBIS framework in schools and explored 
whether specific growth patterns of fidelity were more com-
mon among those schools affected by the policy, as com-
pared to those that were not. The findings are considered with 
regard to the broader movement to leverage policy to promote 
the dissemination and scale-up of evidence-based prevention 
programming (Fagan et al., 2019), and the impacts of these 
policies on both implementation fidelity and the outcomes 
achieved.

School‑wide Positive Behavioral 
Interventions and Supports

Positive Behavioral Interventions and Supports (PBIS) is a 
multi-tiered framework (Sugai & Horner, 2002, 2006) for 
setting-level implementation of tiered prevention program-
ing that aims to systematically and consistently prevent 
student behavior problems and promote a positive school 
environment. The full three-tiered PBIS framework incorpo-
rates universal or school-wide supports (Tier 1 or SW-PBIS), 
which are accompanied by two tiers of more intensive inter-
ventions and supports for students at risk for and/or already 
displaying behavioral issues to complement the universal 
school-wide components (Sugai & Horner, 2006). SW-
PBIS operates through the articulation of positive behav-
ioral expectations, the creation of systems to support posi-
tive behavior, and training in data-based decision-making. 
It provides a positive, proactive, public health preventive 
orientation toward addressing the behavioral and academic 
concerns experienced by schools (Sugai & Horner, 2006). 
To date, most states implementing the PBIS framework have 
focused on Tier 1 (SW-PBIS) implementation (Kittelman 
et al., 2019). Tier 1 SW-PBIS is the focus of the current 
policy evaluation.

In terms of anticipated effects of SW-PBIS, the impacts 
are theorized to operate through state and district infrastruc-
ture, organizational change at the school level, and behavioral 
changes in the staff, all of which translate to improved student 
outcomes. The state and district infrastructure provides train-
ing and on-going technical assistance to ensure that schools 
can successfully implement SW-PBIS. From an organizational 
perspective, the enhanced communication, collaborative deci-
sion-making, and consistent management practices are theo-
rized to improve the climate and organization of the school 
(Bradshaw et al., 2008a, b). In turn, these changes are theo-
rized to lead to improved classroom management and teacher 
efficacy. Improved classroom context is expected to result in 
decreased student problem behaviors (Bradshaw et al., 2012a, 
b; Waasdorp et al., 2012) and improved academic achieve-
ment and engagement (Barrett et al., 2008; Horner et al., 2009; 
Madigan et al., 2016; Sugai & Horner, 2006). Specifically, 
reductions in discipline problems, disruptions, and office 

disciplinary referrals are expected to result in more time spent 
in the classroom and on academics, thereby translating into 
improved academic performance. For additional detail on the 
theory of change, see Sugai and Horner (2006) and Barrett 
et al. (2008).

Prior SW‑PBIS Research

Prior effectiveness research provides evidence that many of 
these theorized effects do occur when SW-PBIS is imple-
mented with high fidelity at both the elementary and secondary 
levels (e.g., Mercer et al., 2017; Madigan et al., 2016; Horner 
et al., 2009; also see Horner et al., 2010; Lee & Gage, 2020). 
For example, randomized studies conducted in elementary 
schools, testing the universal, SW-PBIS model, have shown it 
to reduce student office discipline referrals and suspensions and 
improve school climate and student achievement (see Bradshaw 
et al., 2008a, b; Bradshaw et al., 2009a, b; Bradshaw et al., 
2010; Horner et al., 2009; Madigan et al., 2016). A randomized 
effectiveness study of Tier 1 SW-PBIS in elementary schools 
also showed that students were rated by their teachers as hav-
ing fewer behavioral problems (e.g., aggressive behavior, con-
centration problems, bullying, rejection) than students in non-
PBIS schools (Bradshaw et al., 2012; Waasdorp et al., 2012). 
In addition, significant effects have been observed on teacher 
ratings of school climate (Bradshaw et al., 2008a, b). Although 
the randomized trial research on SW-PBIS has largely been 
conducted in elementary schools, quasi-experiments have also 
been conducted in secondary schools. When taken to scale, 
quasi-experimental studies have demonstrated that SW-PBIS 
improves out-of-school suspensions for elementary and sec-
ondary schools (i.e., a main effect for all school types; Gage 
et al., 2019), with some promising effects also on academic 
performance both at the elementary and secondary levels (e.g., 
Lee & Gage, 2020; Madigan et al., 2016; Pas et al., 2019). 
Notably, the Pas et al. (2019) study examined outcomes sepa-
rately for secondary schools and found improvements in sus-
pensions, truancy, and math and reading achievement in the 
secondary schools implementing SW-PBIS. At the time of this 
policy, there was no published research evidence to support its 
effects on truancy (i.e., the focus of research was on exclusion-
ary discipline and academic achievement); Pas and colleagues 
(2019), did however,  report declines in truancy in secondary 
schools implementing SW-PBIS in 2007–2008.

Leveraging Policy to Promote Scale‑up of 
SW‑PBIS

Given the promise of SW-PBIS and the relatively limited 
cost associated with the model (Lindstrom Johnson et al., 
2020), it is perhaps not surprising that it is currently one of 
the most widely disseminated evidence-based programs in 
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schools; it is estimated by the Office of Special Education 
Programs (i.e., OSEP, 2019) funded National PBIS Tech-
nical Assistance Center (www. pbis. org) that nearly 26,000 
schools across the USA have been trained in Tier 1 SW-
PBIS. Increasing concerns about school safety also have 
likely contributed to its broad dissemination over the past 
two decades. For example, in Maryland, following increas-
ing national concerns about school safety resulting from the 
wave of school shootings in the 1990s, the Maryland State 
Department of Education began a state-wide scale-up of 
SW-PBIS. In 1999, Positive Behavioral Interventions and 
Supports (PBIS) Maryland was created with the aim of pro-
viding training, support, and evaluation of the PBIS model 
and related prevention programming throughout the state in 
order to improve conditions for learning in Maryland schools 
(Bradshaw et al., 2012a, b), with a specific focus on Tier 1 
(SW-PBIS). Consistent with the National PBIS Technical 
Assistance Center’s model for training and implementation 
of SW-PBIS (www. pbis. org), schools in Maryland volun-
teered to adopt SW-PBIS and attended a state-wide 2-day 
training event that covered the foundational elements of the 
implementation of the SW-PBIS framework. Schools imple-
menting the model in Maryland were expected to meet a 
number of conditions, including assessing for buy-in from 
80% of school staff, the formation of a five- to six-person 
school-level PBIS team (including an administrator and a 
team leader), providing a 3-year implementation commit-
ment, and the identification of an internal behavior support 
coach (e.g., school psychologist) to give on-going support 
regarding implementation. Each year, school-level PBIS 
teams were also expected to attend 1- or 2-day summer 
booster trainings, provided by districts or regionally. These 
teams were expected to train the other staff and students 
within their school. Implementation status has been tracked 
by the PBIS Maryland Partnership, through the submission 
of bi-annual implementation data on the Implementation 
Phases Inventory (Bradshaw, 2009a, b). Further, schools 
submitted data on the School-wide Evaluation Tool (Horner 
et al., 2004) for recognition of exemplary implementation.

Following more than a decade of dissemination of the 
framework in the state, the Maryland State legislature 
passed State Code §7–304.1 PBIS Program indicating 
that any school with a habitually truant rate (i.e., students 
with 20 or more unexcused absences) at or exceeding 8% 
in the 2008–2009 school year was mandated to be trained 
in and implement SW-PBIS in the summer of 2010, or to 
implement “an alternative behavior modification program 
developed in collaboration with the Department” (PBIS Pro-
gram, 2008). The Maryland State Department of Education 
(MSDE) reviewed Maryland public schools’ truancy data to 
identify schools exceeding the threshold and contacted the 
district superintendents with school names. Schools identi-
fied as meeting or exceeding the 8% truancy rate and not yet 

trained in SW-PBIS were expected to receive training for 
the upcoming school year (see Supplemental File 1). Due to 
Maryland’s extensive infrastructure for SW-PBIS training 
and the advantages of PBIS (e.g., flexibility), the assump-
tion was that mandated schools would not seek to implement 
an alternative program. To our knowledge, Maryland is the 
only state to pass a mandate based on truancy; however, 
other states (e.g., Florida, Illinois), as well as several federal 
legislators, have proposed bills related to PBIS that have 
not passed (e.g., H.R.3165, the Positive Behavior for Safe 
and Effective Schools Act in 2011). Similarly, there have 
been some state bullying-specific policies (e.g., New Jersey) 
that have required implementation of a bullying prevention 
program (for a study of the impact of the bullying policies, 
see Hatzenbuehler et al., 2015). In summary, this particular 
truancy-focused policy is unique and thus provides a poten-
tially instructive opportunity to examine the impacts of the 
policy on both outcomes and implementation of this preven-
tion framework.

Overview of the Current Study

The primary purpose of the current study was to examine 
whether schools affected by the mandate (as indicated by meet-
ing or exceeding the truancy threshold of 8% in the 2008–2009 
school year, and thus appearing on a list sent to their superin-
tendent indicating that they were mandated to implement SW-
PBIS in 2010; see Supplemental File 1) showed improvements 
in student truancy, suspensions, and academic achievement 
over the course of the subsequent 4 years (i.e., the 2010–2011 
through 2013–2014 school years). We focused on these spe-
cific student outcomes because they were the main outcomes 
of interest to policymakers, and are largely consistent with the 
theory of change process associated with SW-PBIS described 
above and elsewhere (see Sugai & Horner, 2006). Importantly, 
we did not expect such changes to occur immediately, as the 
effects of policies often require a few years to reach full imple-
mentation, much less affect the intended outcomes (Sheras & 
Bradshaw, 2016). Secondarily, we examined actual uptake of 
SW-PBIS, which was operationalized by receipt of training 
in SW-PBIS, as well as fidelity of implementation. We used 
school data from 410 secondary schools and focused on mid-
dle and high schools, as they were most likely to be affected 
by the mandate given its focus on truancy and the general 
tendency for secondary schools to experience higher rates 
of truancy relative to elementary schools (USDOE, 2019). 
Using these data, we aimed to address the following primary 
research question: Are mandated schools (i.e., those that 
reach or exceed the 8% threshold) experiencing the intended 
improvements in truancy, suspensions, and academic achieve-
ment? Given this clear assignment threshold on the truancy 
variable (i.e., 8%), we utilized a regression discontinuity  
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(RD) design (Thistlewaite & Campbell, 1960; Trochim, 2001) 
to analyze the effect of the mandate on student outcomes. In 
light of prior research on SW-PBIS and the underlying theory 
of change process (e.g., Bradshaw et al., 2008a, b; Bradshaw, 
2009), we hypothesized that schools affected by the mandate 
would achieve improvements in both behavioral and academic 
outcomes.

We further leveraged state-collected data on SW-PBIS 
training status (i.e., whether or not a school was trained) 
to examine our second research question: To what extent 
did the mandate improve SW-PBIS training rates? Using 
an additional regression discontinuity (RD) analysis, we 
assessed whether the mandate led to increased training rates 
among mandated schools in SW-PBIS. Since both mandated 
and non-mandated schools may have been trained in SW-
PBIS prior to or following the mandate, we also conducted 
descriptive analyses of training status, year-by-year, over 
multiple years to determine whether and when mandated 
status was associated higher training rates. This approach 
allowed for a more nuanced exploration of issues related to 
training and took into consideration issues related to tim-
ing, as the effect of the mandate to access training may not 
have been immediate. Although not directly measured in 
this study, it is possible that readiness and buy-in may have 
been different for schools mandated to implement SW-PBIS 
compared to those that may have volunteered; this in turn 
could affect training status, as well as implementation fidel-
ity, among the mandated schools relative to non-mandated 
schools (Bradshaw & Pas, 2011; Sheras & Bradshaw, 2016).

Again using state-collected data on implementation 
fidelity, we examined our third research question: Was the 
mandate associated with changes in implementation fidelity 
of SW-PBIS over time? Given that the mandated schools 
already trained in SW-PBIS were expected to improve imple-
mentation of SW-PBIS, we hypothesized that there would be 
an increase or growth in fidelity of SW-PBIS implementa-
tion across the subsequent 4 years. Therefore, we conducted 
growth mixture modeling to test this third research question. 
In summary, this particular policy is of interest not only 
with regard to impacts on student behavioral outcomes, like 
suspension, truancy, and academics, but also with regard 
to training in and implementation of SW-PBIS. As such, 
the findings from this study may inform other policy efforts 
related to the scale-up of evidence-based programs in 
schools.

Method

Sample

Within the state of Maryland, there are 24 districts or local 
education agencies (i.e., 23 counties and 1 city), all of which 

participate in the Maryland SW-PBIS Initiative. The focus 
of this study is on secondary schools including traditional 
middle schools serving grades 6–8, traditional high schools 
serving grades 9–12, and combined middle and high schools 
serving grades 6–12. Sample data consisted of all 410 sec-
ondary schools in the state including 212 middle (51.7%), 
179 high (43.7%), and 19 combined (4.6%) schools. In the 
spring of 2010, the first year that mandates were issued, 
261 schools (63.7%) were identified as being above the tru-
ancy threshold, based on their 2008–2009 truancy data at or 
exceeding 8% (see Supplemental File 1). Of those mandated, 
104 were middle schools (39.8% of all schools), 142 were 
high schools (54.4%), and 15 were combined schools (5.7%); 
127 schools (48.7% of all mandated schools) had been trained 
in SW-PBIS in or before the summer 2009. Therefore, the 
remaining 134 schools were on the mandated list sent to the 
district superintendents and were expected to receive SW-
PBIS training during the summer of 2010 and implement in 
2010–2011.

Measures

School‑Level Outcomes  The school outcome data were 
provided by the Maryland State Department of Education 
for the 2008–2009 through 2013–2014 school years. These 
included the suspension rates (i.e., total suspension events 
divided by total school enrollment times 100), truancy rates 
(i.e., percent of students in the school missing 20 or more 
days of school across a given school year), and the percent 
of students within each school that were proficient on the 
Maryland School Assessment (MSA) grades 6–8 tests of 
reading and math and proficient in English 2 (i.e., typically 
taken in 10th grade) and Algebra on the High School Assess-
ment (HSA) for each year. School proficiency rates for high 
schools were calculated by summing the percent of students 
who scored in the proficient and advanced ranges for the 
English 2 and Algebra exams in the given year. For middle 
schools, the percent proficient and advanced in each assessed 
grade (i.e., 6–8) was averaged across grades to calculate the 
school average proficiency rate. The suspension rate reflects 
the number of suspension events divided by the school enrol-
ment. The baseline data were included for the 2008–2009 
school year (see Table 1). We examined outcomes in school 
years 2010–2011 through 2013–2014.

School‑Level Demographic Characteristics We leveraged base-
line data for school-level demographics provided by MSDE 
from 2008 to 2009 (i.e., first year of study), including student 
mobility (i.e., number of students who entered the school, plus 
the number who withdrew from the school, divided by total 
student enrollment), the percent of students who were White, 

989Prevention Science  (2021) 22:986–1000



school enrollment, and percent of students receiving free and 
reduced-priced meals;  these variables served as controls in the 
outcome analyses, based on prior research (Bradshaw & Pas, 
2011; Pas & Bradshaw, 2012; Stuart et al., 2015).

Implementation Status and Fidelity Training data have been 
tracked annually by the PBIS Maryland partnership, whereby 
1 = trained and 0 = not trained (see Bradshaw et al., 2012a, 
b). SW-PBIS implementation status following the offering 
of SW-PBIS training in the summer of 2010, the expected 
training year, through 2014 was of interest. Training rates 
in 2009 were also included in the models to provide a pre-
mandate context for training rates in the state. SW-PBIS 
trained schools in Maryland have also submitted fidelity data 
to the PBIS Maryland Partnership annually via the Imple-
mentation Phases Inventory (IPI; Bradshaw et al., 2009a, b); 
therefore, IPI data are only available for SW-PBIS trained 
schools, but not for untrained schools. The IPI assesses the 
presence of 44 key elements of SW-PBIS following a “stages 
of change” theoretical model. The four stages assessed are: 
preparation (Cronbach’s alpha from Bradshaw et al. (2009) 
[α] = 0.65, e.g., “PBIS team has been established”), initiation 
(α = 0.80, e.g., “A strategy for collecting discipline data has 
been developed”), implementation (α = 0.90, e.g., “Discipline 
data are summarized and reported to staff”), and maintenance 
(α = 0.91, e.g., “A set of materials has been developed to 
sustain PBIS”). The IPI was completed by the PBIS coach 
who indicated, for each item, whether the extent to feature 

is not in place (0), partially in place (1), or fully in place 
(2). Schools received a percentage of implemented elements 
for each stage; the stage scores were averaged to compute a 
total score, which was utilized here. Prior research on the 
psychometric properties of the IPI found it to have adequate 
internal consistency (α = 0.94) and reliability (test–retest cor-
relation of 0.80; Bradshaw et al., 2009a, b); the IPI has also 
been shown to have predictive validity with regard to suspen-
sion rates (Pas & Bradshaw, 2012).

Data Analysis

Research Question 1  Are Mandated Schools (i.e., those 
that reach or exceed the 8% threshold) Experiencing the 
Intended Improvements in Truancy, Suspensions, and Aca-
demic Achievement?

We utilized a regression discontinuity (RD) design 
(Ryoo & Pullen, 2017; Thistlewaite & Campbell, 1960; 
Trochim, 2001) to examine student outcomes using the 
RDDtools (Stigler & Quast, 2015), RDDrobust (Calonico 
et al., 2016), and RDD (Dimmery, 2016) packages in the 
R software (R Core Team, 2018). In conducting the RD 
analyses, we were able to determine whether the truancy 
cutpoint issued during the spring of the 2009–2010 school 
year had a significant impact on each of four student out-
comes: (1) truancy, (2) suspensions, (3) math achieve-
ment, and (4) reading achievement in 2010–2011 through 

Table 1  Baseline sample descriptive data

All data from the 2008–2009 school year
IPI Implementation Phases Inventory, d = Cohen’s d

All Mandated Non-mandated t test

M SD M SD M SD d p

Enrollment 1005.79 518.86 1060.42 553.93 910.09 436.40 0.29 .003
% Receiving special education 10.69 5.06 11.53 5.70 9.22 3.21 0.47  < .001
% Receiving free and reduced meals 32.43 20.74 38.66 19.31 21.52 18.59 .090  < .001
% Receiving limited English proficiency 2.89 3.51 2.98 3.62 2.72 3.30 0.08 .446
% Mobility 18.35 14.52 22.54 15.11 11.01 9.81 0.86  < .001
Student- teacher ratio 19.29 3.32 19.58 3.42 18.79 3.09 0.08 .441
% Asian 5.34 6.41 3.72 4.19 8.19 8.36  − 0.74  < .001
% Hispanic 7.80 10.96 8.40 11.61 6.76 9.65 0.15 .125
% African American 35.27 30.59 43.15 31.53 21.44 23.19 0.01 .936
% White 49.98 32.72 43.29 33.02 61.69 28.73  − 0.58  < .001
Suspension rate 20.01 17.40 26.00 18.58 9.53 7.50 1.01  < .001
Math proficiency 79.28 16.61 75.41 17.61 86.05 12.03  − 0.67  < .001
Reading proficiency 84.81 12.04 81.27 12.96 91.03 6.68  − 0.88  < .001
Truancy Rate 13.42 11.58 18.10 12.19 5.23 1.80 1.31  < .001
Average IPI overall scores 83.66 15.08 81.53 15.72 87.00 13.46  − 0.09 .022
Average years of training after summer 2009 3.22 2.28 3.40 2.17 2.89 2.43 0.23 .035
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2013–2014. Within the model, c represents the cutpoint 
of assignment variable X. Treatment receipt is denoted by 
a binary variable D, such that D = 1 if X ≥ c, while D = 0 
if X < c. The outcome variable Y is modeled as a linear 
function:

where a1 represents the estimated outcome for those just 
below the cutpoint, a2 represents the estimated treatment 
effect for those just equal or above the cutpoint, b1 repre-
sents the estimated slope for those just below the cutpoint 
, b2 represents the estimated difference in slopes for those 
just above the cutpoint (as compared to those just below the 
cutpoint), and �

i
 represents a residual error term (Stigler & 

Quast, 2015). Within the model presentation, a2 represents 
the estimated treatment effect, or the difference in outcomes 
between those just above and just below the 8% cutpoint.

Valid interpretations of RD analyses rely on three main 
assumptions: (1) continuity assumption, (2) exogeneity 
assumption, and (3) functional form assumption (Jacob 
et al., 2012; Lee & Lemieux, 2010; Ryoo & Pullen, 2017). 
The continuity assumption requires the average potential 
outcome to be a continuous function of the cutpoint, con-
ditional on treatment status. This assumption was explored 
by visually examining a scatterplot of the outcome variable 
and the assignment variable. Further, under this assump-
tion, any discontinuity in the treatment effect is expected 
to occur at the specified cutpoint, and not at other cut-
points. This was explored by estimating treatment effects 
at various other cutpoints (i.e., “placebo tests”; Thoemmes 
et al., 2017). The exogeneity assumption requires that 
units to the left of the cutpoint are equivalent in expecta-
tion to units on the right. This assumption was formally 
tested using McCrary’s (2008) density test. To help bol-
ster this assumption, the association between covariates 
and the assignment variable should be smooth around the 
cutpoint. That is, there should be no inherent disconti-
nuities between those above and below the cutpoint on 
any variables beside the treatment indicator. Finally, the 
functional form assumption requires the correct functional 
form of the relationship between the assignment variable 
and the outcome. Testing this assumption consisted of fit-
ting models with different forms of the assignment vari-
able, including linear, quadratic, and interactions with the 
treatment. To determine the model of best fit, models were 
compared using the Akaike Information Criterion (AIC; 
Jacob et al., 2012). The AIC takes into consideration the 
trade-off between bias and variance in the model, such that 
the lowest AIC reflects better model fit.

While we present the RD results utilizing the entire 
sample of schools, we recognize that modern RD analy-
sis often presents results from local analyses, wherein an 

(1)Y
i
= a1 + a2Di

+ b1 ⋅
(

X
i
− c

)

+ b2Di
⋅

(

X
i
− c

)

+ �
i
,

optimal bandwidth around the cutpoint is selected, such 
that the sample is balanced on key characteristics across the 
cutpoint. Narrower bandwidths both reduce the statistical 
power, but also reduce the external validity of the present 
analyses. However, full sample analyses increase power and 
generalizability but decrease internal validity, to the extent 
to which the samples above and below the cutpoint are not 
balanced on key variables. Sensitivity analyses on the opti-
mal bandwidth were performed for all student outcomes 
and are summarized in the “Results” section (for details see 
Imbens & Kalyanaraman, 2009). We calculated power for 
the RD using the “rddapp” package in R, basing it upon our 
sample of 410 schools and the summary statistics provided 
in Tables 1 and 2. The power for suspensions, truancy, and 
math achievement were 1.0, and for reading achievement, 
the power was 0.988. Thus, the RD design has sufficient 
power with 410 schools.

Research Question 2  To What Extent Did the Mandate 
Improve SW-PBIS Training Rates?

As with research question 1, we again utilized a RD 
design to examine student outcomes using the RDDtools, 
RDDrobust, and RDD (Dimmery, 2016) packages in the 
R software. In conducting the RD analyses, we were able 
to determine whether the truancy cutpoint issued during 
the spring of the 2009–2010 school year had a significant 
impact on training status across the subsequent 4 years. To 
further address the timing of training, we cross-tabulated the 
mandate status with SW-PBIS training and implementations 
status (i.e., whether schools were or were not mandated or 
trained and implementing) and conducted t tests to deter-
mine whether there was a statistically significant association 
between mandate status and SW-PBIS training rates in 2008 
and through 2014.

Research Question 3  Was the Mandate Associated with 
Changes in Implementation Fidelity of SW-PBIS Over Time?

As in research question 2, we conducted t tests to deter-
mine whether there was a statistically significant association 
between mandate status and SW-PBIS fidelity (i.e., average 
IPI scores) in 2008 and through 2014. We further examined 
fidelity growth trajectories (i.e., changes in fidelity over time)  
based on the IPI data during the year in which the mandate 
was determined (i.e., 2008–2009), the year during which the 
mandate was issued (i.e., 2009–2010), and the 4 years fol-
lowing the mandate (i.e., 2010–2011 through 2013–2014). 
To do so, we fit a series of growth mixture models to deter-
mine (a) the patterns of change in fidelity scores over time, 
(b) whether the intercepts (i.e., 2009 IPI scores) and slopes 
(i.e., change over time) differed for schools that were affected 
by the mandate or were not affected by the mandate, and 
(c) whether mandated schools were more or less likely  
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to demonstrate heterogeneity in specific growth patterns. 
The growth mixture models (GMMs) were fit in Mplus Ver-
sion 8 (Muthén & Muthén, 2002–2018) to model patterns 
of growth over time in SW-PBIS fidelity scores on the IPI. 
To explore different growth patterns and initial discrepan-
cies, we fit the linear growth models for each homogeneous 
group. Model fitting was conducted iteratively, by adding one 
growth class at a time and assessing whether the addition of 
a class achieved better model fit as demonstrated through 
decreasing values of the following three fit indices: Akaike 
Information Criteria (AIC), Bayesian Information Criterion 
(BIC), and sample size adjusted BIC. Further, a statistically 
significant Vuong-LMR likelihood ratio test (Muthén & 
Muthén, 2002–2018) was utilized to indicate improved fit. 
We also considered entropy scores closest 1.00 and latent 
class probabilities greater than 0.70 (Ramaswamy et al., 
1993) as additional fit indicators; meaningful class sizes, 
along with conceptual and theoretical relevance, were also 
considered in final model selection (Nylund et al., 2007).

After enumerating the number of classes, we examined 
whether mandated status was a significant predictor of the  
intercept and slope for the classes as well as a predictor  
of class membership. In the exploratory analysis, we  

began with the unconditional GMM and then added covari-
ates in the GMM (Ryoo et al., 2018). Covariates of interest, 
added in the final model, were the same as in the RD analysis 
and included 2008–2009 data regarding school size (enroll-
ment), the percent of students who were mobile during the 
2008–2009 school year and received free and reduced-price 
meals, and the percent of White students.

Results

Research Question 1: Are Mandated Schools 
Experiencing the Intended Improvements 
in Truancy, Suspensions, and Academic 
Achievement?

Checking of RD Assumptions  To investigate the continu-
ity assumption, scatterplots of the outcome variable and 
the assignment variable were visually examined, in which 
there appeared to be a smooth, continuous relationship on 
both sides of the cutpoint. Further, 95% confidence intervals 
from placebo tests indicated there were no other cutpoints 

Table 2  Parameter estimates of 
regression discontinuity models

All models controlled for 2008–2009 baseline data for the targeted outcome and school demographic vari-
ables; student outcomes models also controlled for 2010 PBIS training status. Bolded indicates a signifi-
cant effect at p < .05

Outcomes Intercept p a
�
   p b

�
   p b

�
   p

2010–2011 outcomes
Math 82.10  < .01  − 0.38 .87  − 1.45 .02 0.88 .17
Reading 88.05  < .01 0.30 .84  − 1.10 .01 0.39 .35
Suspensions 11.53  < .01 9.45  < .01 0.90 .16  − 0.58 .36
Truancy 8.05  < .01 0.35 .65 0.51 .01 0.36 .08
PBIS training 0.32 .10 0.10 .65 0.05 .38  − 0.05 .37
2011–2012 outcomes
Math 84.52  < .01  − 0.73 .75  − 1.16 .06 0.50 .42
Reading 88.00  < .01 0.04 .98  − 0.87 .06 0.12 .79
Suspensions 10.33  < .01 7.03  < .01 0.70 .20  − 0.35 .53
Truancy 8.31  < .01 0.21 .81 0.54 .02 0.29 .21
PBIS training 0.40 .04 0.14 0.53 0.07 .25  − 0.07 .23
2012–2013 outcomes
Math 81.70  < .01  − 1.15 .65  − 1.35 .05 0.79 .25
Reading 89.00  < .01  − 0.55 .74  − 0.73 .10 0.01 .98
Suspensions 8.95  < .01 6.94  < .01 0.72 .13  − 0.59 .22
Truancy 8.77  < .01 0.29 .76 0.60 .02 0.19 .45
PBIS training 0.42 .03 0.21 0.34 0.07 .25  − 0.07 .22
2013–2014 outcomes
Math 75.30  < .01  − 0.83 .80  − 1.56 .07 1.13 .20
Reading 86.34  < .01  − 0.64 .75  − 0.77 .14 0.10 .86
Suspensions 7.74  < .01 6.22  < .01 0.56 .22  − 0.50 .28
Truancy 8.30  < .01  − 0.46 .65 0.51 .06 0.30 .03
PBIS training 0.46 .02 0.19 .39 0.08 .19  − 0.07 .21
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at which discontinuities existed. Results from McCrary’s 
density test indicated there was no discontinuity of density 
of observations on either side of the cutpoint (z =  − 1.85, 
p = 0.06). Further, scatterplots of the assignment variable 
and multiple covariates as outcomes indicated no disconti-
nuities or differences in densities between those to the left 
and right of the cutpoint. Finally, the functional form was 
examined, in which a linear, quadratic, and cubic assignment 
variable, as well as an assignment and treatment interaction 
variable, were modeled. Results from AIC model compari-
sons indicated no models fit the data better than the original 
linear model. As such, the linear model remained the model 
used throughout analyses.

Regression Discontinuity Models  Models with and with-
out baseline demographic covariates were fit to the data. 
The specific baseline variables were selected based on 
prior research demonstrating that these variables are 
associated with being trained in SW-PBIS (Bradshaw & 
Pas, 2011; Pas & Bradshaw, 2012; Pas et al., 2019; Ryoo 
et al., 2018; Stuart et al., 2015) and thus are potentially 
confounding variables of intervention status. While point 
estimates were similar between models with and without 
covariates, the baseline demographics were ultimately 
included to both improve precision and reduce sample 
bias (Lee, 2008). In examining the a2 estimates and p 
values, the truancy cutpoint (i.e., of 8%) was significantly 
associated with the suspension rate in every year, such 
that mandated schools had significantly higher suspen-
sions than those not mandated. The suspension rates 
appeared to decline over time across the full sample of 
schools (i.e., both mandated and non-mandated); however, 
the total suspension rate for mandated schools remained 
statistically significantly higher than for non-mandated 
schools across all years. Although the RD analysis 
achieved overall statistically significant balance on base-
line suspension rates, particularly within the sensitivity 
analysis using the optimal bandwidth, it is worth noting 
that the gap between the two groups in the unadjusted 
average suspension rates in years prior to the mandate 
was rather sizable (i.e., 8–10%). These unadjusted dif-
ferences appear to have shrunk with time, but within 
the RD analyses were statistically significantly higher 
among the mandated schools. On the other hand, the treat-
ment effect estimates were non-significant for the other  
three outcomes in each year, indicating there were no 
significant differences in reading and math achievement  
as well as truancy rates between those just above and just  
below the truancy cutpoint.

The b1 estimates represent the slopes for each outcome, 
and the p value indicates whether the slope was signifi-
cantly different than 0. These findings range across years, 

whereby in 2010–2011, slopes for each outcome except 
suspensions were significantly different from zero. Thus, 
schools with higher rates of truancy in 2008–2009 had 
lower rates of reading and math achievement in 2010–2011 
and higher rates of truancy in 2010–2011, as compared to 
those schools with lower rates of truancy in 2008–2009. 
For 2011–2012 outcomes, only the slope of truancy was 
significantly different than 0, indicating that schools with 
higher rates of truancy in 2008–2009 also had higher 
rates of truancy in 2011–2012 as compared to those 
schools with lower rates of truancy in 2008–2009. For 
the 2012–2013 outcomes, the slopes of math achievement 
and truancy were significantly different than 0, indicating 
that schools with higher rates of truancy in 2008–2009 
had lower rates of math achievement in 2010–2011 and 
higher rates of truancy in 2012–2013. The truancy rates 
in 2008–2009 were not related to outcomes in 2013–2014, 
as indicated by the non-significant p values for the b1 esti-
mates. Finally, b2 estimates and p values indicated that 
there were no significant differences in the slopes between 
schools at or above and below 8% truancy for any of these 
student outcomes, in any year. This means that the rela-
tion between truancy in 2008–2009 and the 2010–2011, 
2011–2012, 2012–2013, and 2013–2014 outcomes did 
not differ as a function of whether schools had less than 
8% habitually truant students as compared to those > 8% 
habitually truant. In other words, the analyses did not sug-
gest that the association between early truancy and later 
outcomes varied between the schools above and below the 
mandate threshold.

Sensitivity Analyses  Utilizing the optimal bandwidth for 
the 2010–2011 outcomes dropped schools on the tail ends 
of the data and retained schools that were the closest to the 
cutpoint and thus most similar on key variables. Models 
utilizing the optimal bandwidth retained, on average, 84% 
of the sample of schools (n = 346). These analyses dem-
onstrated the same findings as the models conducted with 
the entire sample and presented above. Therefore, the find-
ings were robust to changes in the sample (i.e., full versus 
a trimmed sample). While we believe that there is substan-
tive support to allow the slopes to vary across the cutpoint 
(Lee & Lemieux, 2010), we conducted additional sensitivity 
analyses to further illustrate this point. Specifically, we com-
pared the fit between two models, one constraining the slope 
to be the same across the cut point and one allowing the 
slope to vary. While there was a slight improvement in the 
AIC in the constrained model, it was not significant enough 
to warrant constraining the slope in the analytic model 
(AIC in constrained model = 500.09; AIC in unconstrained 
model = 500.53). Prior work has suggested that constraining 
the slope to be the same across the cutpoint would result in 
an artificial amplification of the magnitude of the treatment 
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group slope and dampens the magnitude of the control group 
slope, implying a significant impact of the treatment in ques-
tion when there is no true impact (Jacob et al., 2012). There-
fore, we maintained a more conservative approach, allowing 
the slopes to vary across the cutpoint.

Research Question 2: To What Extent Did 
the Mandate Improve SW‑PBIS Training Rates?

The same RD analyses were conducted for the binary SW-
PBIS training status variable (i.e., 0 = not trained, 1 = trained; 
see Table 2). As described above, all assumptions were 
tested and met. The a2 estimates were non-significant for 
training status in each year, indicating there were no sig-
nificant differences in training status across years compar-
ing mandated to non-mandated schools. The b1 estimates, 

or slopes, also had non-significant p values, indicating that 
the slope was not significantly different than 0. Finally, b2 
estimates and p values indicated that there were no signifi-
cant differences in the slopes between mandated and non-
mandated for training status in any year. This means that the 
association between the mandate and subsequent training 
status did not vary as a function of whether schools were 
above or below the mandate threshold. We also conducted 
descriptive analyses to provide greater detail and context for 
the training rates throughout the state during this time frame. 
Of the 261 secondary schools that were mandated based on 
their 2008–2009 truancy data, 127 had been trained in or 
before summer 2009 (i.e., 48.7% of all trained), leaving 134 
to be trained. Among the 149 non-mandated schools, 134 
schools had been trained in or before 2009 (i.e., 51.3% of 
all trained), leaving only 15 to be trained. After the summer 

Table 3  SW-PBIS training 
and implementation fidelity 
descriptive statistics

In total, 167 out of 208 trained schools (80.3%) provided IPI data in 2009 (i.e., 102 mandated and 65 
non-mandated), 196 out of 236 trained schools (83.1%) provided IPI data in 2010 (122 mandated and 74 
non-mandated), 208 out of 256 trained schools (81.3%) provided IPI data in 2011 (139 mandated and 69 
non-mandated), 222 out of 267 trained schools (83.1%) provided IPI data in 2012 (149 mandated and 73 
non-mandated), 201 out of 275 trained schools (73.1%) provided IPI data in 2013 (132 mandated and 69 
non-mandated), and 223 out of 285 trained schools (78.2%) provided IPI data in 2014 (149 mandated and 
74 non-mandated). There were only 29 schools in total that were trained in SW-PBIS but never submitted 
IPI data, 19 of which were mandated schools
d = Cohen’s d
* p < .05 for independent t tests comparing mandated to non-mandated during each year

Non-Mandated (n = 149) Mandated (n = 261) t test

Trained by: n % n % d p

2009 81 54.36 127 48.66  − 0.11 .268
2010 82 55.03 154 59.00 0.08 .435
2011 85 57.05 171 65.52 0.18 .093
2012 87 58.39 180 68.97* 0.22 .034
2013 88 59.06 187 71.65* 0.27 .011
2014 89 59.73 196 75.10* 0.34 .002
Overall IPI Score in: M SD M SD d p
2009 87.00 13.46 81.53 15.72  − 0.37 .107
2010 89.06 9.25 81.94 17.12  − 0.49  < .001
2011 91.65 8.46 79.51 19.91  − 0.71  < .001
2012 91.04 9.92 79.00 19.41  − 0.71  < .001
2013 89.84 12.45 84.11 16.37  − 0.38 .027
2014 87.91 14.45 82.43 18.47  − 0.32 .068
IPI >  = 80% in: n % n % d p
2009 65 78.46 102 63.73  − 0.32 .037
2010 74 82.43 122 66.39  − 0.36 .010
2011 69 91.30 139 61.15  − 0.70  < .001
2012 73 87.67 149 55.03  − 0.72  < .001
2013 69 82.61 132 73.48  − 0.22 .130
2014 74 79.73 149 68.46  − 0.25 .065
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2011 training, 65.5% (n = 171) of all mandated and 57.0% 
(n = 85) of all non-mandated schools were trained in SW-
PBIS. A similar pattern emerged through 2014 (see Supple-
mental File 1 for annual training information). Although the 
number of mandated schools trained each year appears sub-
stantially higher than the non-mandated secondary schools, 
t tests reveal that the total proportion of trained schools 
that were mandated versus non-mandated schools did not 
differ significantly in 2009–2011 (see Table 3). However, 
by 2012 and through 2014, there was a statistically signifi-
cantly higher proportion of mandated schools trained than 
non-mandated schools (see Table 3). By 2014, three-quarters 
of all trained secondary schools (i.e., 290 of the total 410 
schools) in the state had been mandated to do so.

Research Question 3: Was the Mandate Associated 
with Changes in Implementation Fidelity of SW‑PBIS 
Over Time?

With regard to implementation fidelity, descriptive analyses 
were conducted among the trained schools that submitted 
data (see the note with Table 3 for details on IPI data pro-
vided). Overall, the fidelity levels, as indicated by mean IPI 
scores, were statistically significantly higher in 2010–2013 
in non-mandated schools, but were no longer higher in 
2014. The unconditional GMM model results indicated that 
the best fitting model was a 3-class model (see Table 4), 
wherein there was a growth trajectory composed of 19.2% 
schools whose fidelity scores began well below adequate 
but incrementally improved over time (i.e., estimated inter-
cept of 56.12% fidelity; slope of 6.73% per year) to reach 
80% on average; a growth trajectory composed of 11.5% 
of schools whose scores declined over time (i.e., estimated 
intercept of 77.89% fidelity; slope of − 7.51% per year), 
and the majority of schools (69.3%) where fidelity scores 
were high and stable over time (i.e., estimated intercept of 
88.69% fidelity; slope of 0.42% per year; see Supplemental 
File 2). Next, the intercept, slope, and class membership 
were regressed on the mandate status (1 = mandated, 0 = not 
mandated). Results indicated that mandated schools had a 
significantly lower intercept (estimate =  − 3.94, SE = 1.37, 
p = 0.004) but not slope (estimate =  − 0.25, SE = 0.33, 
p = 0.45). The intercept and slope were not significantly 

associated with one another. With regard to class member-
ship, mandated schools were 6.5 times more likely to be 
in the improving growth trajectory class (estimate = 1.87, 
SE = 0.59, p = 0.00, odds ratio [OR] = 6.50) than in the high-
stable scores class. The mandated schools were no more 
likely to be in the declining growth class than they were 
to be in the high-stable class. GMMs that examined fidel-
ity and adjusted for baseline enrollment, the percent of stu-
dents receiving FARMs, the mobility rate, and the percent 
of White students in the school indicated slightly different 
results. There were no significant associations between the 
mandated status and the intercept and slope estimates. On 
the other hand, there was a significant association between 
the intercept and enrollment (estimate =  − 0.10, SE = 0.002, 
p = 0.00), the percent of students who were mobile (esti-
mate =  − 0.24, SE = 0.11, p = 0.03), and the percent of White 
students (estimate = 0.09, SE = 0.04, p = 0.03). Schools with 
smaller enrollment, less student mobility, and more White 
students had a higher intercept. Further, schools with greater 
student mobility also demonstrated greater growth in their 
fidelity scores (estimate = 0.14, SE = 0.07, p = 0.03). With 
regard to class membership, mandated schools were approxi-
mately 90% less likely to be in the high-stable fidelity score 
classes than they were to be in the improving class (esti-
mate =  − 2.23, SE = 0.93, p = 0.02, OR = 0.11), with these 
covariates accounted for.

Discussion

As greater attention is focused on enhancing educational 
standards, school safety, and school climate, more states 
may be inclined to use policy as a lever to improve these 
outcomes. The paucity of research examining the impact of 
educational policies mandating the implementation of social 
and behavioral programs suggests a clear need for more 
rigorous research to determine whether these approaches 
are in fact successful at achieving their intended student 
outcome goals (Sheras & Bradshaw, 2016). Maryland’s 
truancy policy, implemented within the context of a multi-
agency state partnership tracking the SW-PBIS scaling-up 
and implementation (Bradshaw et al., 2012a, b), provided a 
unique opportunity to evaluate the success of such a mandate 

Table 4  Fit indices for growth mixture models of implementation fidelity

AIC Akaike Information Criterion, BIC Bayesian Information Criterion, ABIC sample-size adjusted BIC, VLMR LRT Vuong-Lo-Mendell-Rubin 
likelihood ratio test

Classes Log likelihood AIC BIC ABIC VLMR LRT Entropy Class sizes

1  − 4890.25 9802.50 9841.71 9806.83 – – –
2  − 4844.85 9717.70 9767.60 9723.21 0.03 0.88 13.0%, 87.0%
3  − 4807.34 9648.68 9709.27 9655.38 0.00 0.84 19.2%, 11.5%, 69.3%
4  − 4791.849 9623.70 9694.99 9631.58 0.38 0.86 2.7%, 20.3%, 12.6%, 64.4%
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on improving student behavioral outcomes and increasing 
SW-PBIS adoption and implementation fidelity. Capital-
izing on this rare opportunity, we combined archival data 
from the state and the PBIS Maryland Partnership and con-
ducted RD analyses to estimate the impact of the mandate 
on both student behavioral and academic outcomes; these 
outcomes were of primary interest to the state, and thus were 
the primary focus of the current study. Although there was 
a significant association between truancy levels at the time 
of the mandate and in subsequent academic achievement, 
suspensions, and habitual truancy across multiple years, this 
association was consistent for mandated and non-mandated 
schools (i.e., schools below and at or above the 8% cutpoint) 
for all outcomes except for suspensions. Specifically, the a2 
estimates and p values indicate that the truancy cutpoint of 
8% was significantly associated with the suspension rate in 
every year, such that mandated schools continued to have 
significantly higher suspensions than those not mandated. As 
noted in the results, these differences appear to be persisting 
differences that occurred prior to the mandate. Although the 
RD analyses aimed at balancing these baseline differences 
and all of the required statistical assumptions were met for 
this model (see Jacob et al., 2012; Ryoo & Pullen, 2017), 
when examining the unadjusted rates of suspensions in the 
mandated and non-mandated schools, there was still a nota-
ble difference in suspension rates; this difference occurred 
even in the narrowed sample identified in the optimal band-
width sensitivity analyses, which was restricted to schools 
with 4–12% truancy rates at the time of mandate. Specifi-
cally, in this restricted sample, the non-mandated schools 
had suspension rates that were 8–10 percentage points lower 
than the mandated schools. Thus, we conclude that the man-
date did not close the  suspension gap, although it may have 
narrowed the gap. It is clear, however, that  the mandate did 
not cause the suspension gap, as the gap was present at base-
line and appears to have persisted.

Because the mandate specifically indicated that schools 
needed to be trained in (if not already) and implement SW-
PBIS, we also examined the training rates between man-
dated and non-mandated schools, as well as implementa-
tion fidelity growth trajectories over time as secondary and 
tertiary research questions. From a policy perspective, these 
two latter research questions are perhaps equally important 
and interesting, as they enabled us to explore whether such 
a mandate would actually increase SW-PBIS training and 
fidelity. The RD analyses suggested that SW-PBIS training 
rates among mandated and non-mandated schools were not 
impacted by the mandate. When examining the data more 
descriptively, the results suggest that the training rates did 
not differ statistically leading up to and across the 2 years 
following the mandate. However, mandated schools began 
to demonstrate trends of higher SW-PBIS training rates by 
2012, and in the 2 years afterward. Finally, GGM indicated 

that three growth trajectories in SW-PBIS fidelity emerged 
over time. The majority of schools had achieved fidelity with 
nearly 89% of components implemented and were high-
stable in their scores. There were two nearly equal–sized 
classes that showed improving and declining fidelity pat-
terns. Schools demonstrating the improving growth trajec-
tory began with low fidelity (i.e., IPI score of about 56), 
but had clinically significant growth, with scores reaching 
beyond the commonly used 80% threshold for fidelity (see 
Bradshaw et al., 2009a, b; Pas & Bradshaw, 2012). Schools 
demonstrating the declining growth trajectory began above 
that 80% threshold and fell nearly to the other class’s starting 
point. The mandated schools were more likely to be in the 
improving class than they were to be in the high-stable class; 
they were no more likely to be in the declining class. Only 
in the unadjusted model did mandated schools demonstrate 
a statistically significantly lower intercept. This fidelity find-
ing is important given that schools already trained in SW-
PBIS were mandated to improve fidelity; these results sug-
gest that the majority of all secondary schools either already 
had reached high fidelity or had improved their fidelity, with 
mandated schools being more likely to improve than decline 
over time.

Limitations and Future Directions

Given that Maryland was one of the first states to adopt SW-
PBIS state-wide (see Barrett et al., 2008; Bradshaw & Pas, 
2011; Bradshaw et al., 2012a, b; Pas & Bradshaw, 2012), we 
are unable to determine whether these findings are general-
izable to other states. We also focused specifically on mid-
dle and high schools, as they were most directly impacted 
by the mandate, given their elevated levels of truancy com-
pared to elementary schools. In fact, the state first mandated 
implementation of SW-PBIS in elementary schools based 
on suspension data, followed by truancy data in secondary 
schools (Bradshaw et al., 2012a, b). It is possible that the state 
mandate was explicitly intended to motivate adoption among 
secondary schools by state legislators, as there had been some 
promising evidence of the impact of SW-PBIS prior to its 
adoption (Barrett et al., 2008); this is why we focused on 
training and implementation fidelity in our second and third 
research questions. Nevertheless, there has been less research 
on the impact of SW-PBIS in secondary schools, as the major-
ity of the efficacy work to date in Maryland and other states 
has been conducted in elementary schools (for notable exam-
ples examining secondary schools, see Bradshaw et al., 2014; 
Pas et al., 2019; for a review also see Gage et al., 2018).

We were also reliant on implementation fidelity at Tier 1 
from the IPI, which was completed by school coaches. Given 
the IPI is a fidelity measure, it was only available for the 
SW-PBIS trained schools, and thus, it is unknown whether 
there were elements of SW-PBIS present in the non-trained 
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schools (see Bradshaw et al., 2008a, b). Other fidelity meas-
ures, such as the School-wide Evaluation Tool, have been 
developed and used by Maryland and other states; but, 
again, these measures were only administered in the trained 
schools, and even fewer of these schools had School-wide 
Evaluation Tool data for the observation period examined in 
this study. Importantly, prior research on the IPI has actually 
shown it to be a better predictor of student outcomes, like 
suspensions, than other widely used fidelity measures (e.g., 
School-wide Evaluation Tool, Benchmarks of Quality; Pas 
& Bradshaw, 2012). We only have internal consistency data 
on the IPI from a prior study by Bradshaw et al. (2009a, b), 
as the IPI data analyzed in the current paper are archival 
and based on the summary/subscale scores uploaded by the 
participating schools into the state’s data system. As such, 
item-level data are not available, and thus, alphas cannot be 
calculated based on the current sample of schools’ subscale 
scores.

Moreover, we were limited in the extent to which we 
could explore variation in outcomes associated with dif-
ferential levels of fidelity. As noted above, prior to this 
mandate, schools in the state had volunteered for SW-PBIS 
training and had to meet a series of readiness and buy-in cri-
teria (e.g., forming a PBIS team, provide a 3-year commit-
ment, solicit buy-in from 80% of staff). These are unmeas-
ured variables that could have impacted training, fidelity, 
and outcomes associated with the mandate. While many of 
these constructs are beyond the scope of the current study, 
they are potential confounding variables that were not avail-
able for inclusion in the current study. Future studies should 
explore factors such as fidelity (e.g., Mercer et al., 2017), 
social validity (e.g., Lane et al., 2009), and time (Gage et al., 
2018) in greater detail with regard to mandated implementa-
tion. Additionally, we focused exclusively on Tier 1 imple-
mentation because that was the emphasis of the mandate. 
There may have been other more intensive Tier 2 or Tier 
3 interventions in place within these schools; however, we 
lack data on training on the more advanced tiers, as well as 
implementation fidelity.

We did not examine nesting at the district level, as the 
schools were nested within just 24 districts, the number of 
schools within districts varied considerably, and the cur-
rent models were already relatively complex statistically. 
However, prior exploration of district-level factors and their 
association with schools seeking training in or adopting SW-
PBIS yielded relatively few significant findings (i.e., percent 
of schools trained in PBIS in the district and district size), 
and no such associations were found with fidelity scores 
(Bradshaw & Pas, 2011). Although examining school-level 
moderators of effects on outcomes is beyond the scope of the 
current study, the field may benefit from future exploration 
of these factors. For example, such future directions might 
explore the extent to which the effect of the mandate differed 

for middle schools and high schools, schools in rural and 
urban settings, or schools with and without Title 1 status. 
This is a potential area to explore further in future research.

Though the use of the RD design and analyses was a 
strength, biases can remain in the resulting estimates when 
it is difficult to formulate a balanced design. Sensitivity 
analyses with optimal bandwidths suggest that the student 
outcome findings were robust. And when taken together with 
the main analyses, they help to optimize this study’s valid-
ity (i.e., statistical conclusion, internal, and external). We 
also considered other non-experimental analytic approaches, 
such as propensity score matching; however, there are simi-
lar challenges in ensuring balance (King & Nielsen, 2016), 
particularly given the relatively high proportion of schools 
mandated as compared to those that were not mandated. 
An additional complexity associated with this study was 
that some schools in both the mandated and non-mandated 
condition had received training in SW-PBIS prior to the 
mandate’s implementation. Although future analyses may 
explore the extent to which differential truancy thresholds 
may have been associated with differential effects, or the 
optimal threshold for achieving outcomes, our interest in this 
study was on the effect of the mandate, which was set at 8%, 
rather than identifying an optimal threshold for the policy.

Admittedly, the SW-PBIS logic model suggests that both 
training in SW-PBIS and fidelity of SW-PBIS implementa-
tion would precede improvement in student outcomes. How-
ever, it is important to highlight that this study focused spe-
cifically on whether student outcomes, training, and fidelity 
differed for the schools mandated by the state as compared 
to those that were not mandated. Importantly, this study was 
not designed or intended to estimate the effects of SW-PBIS 
as a preventive intervention. As such, we were unable to 
formulate specific conclusions regarding the effectiveness of 
SW-PBIS based on these findings, particularly in light of the 
fact that only a proportion of the mandated schools actually 
implemented SW-PBIS and some implemented prior to the 
mandate. Rather, the focus of this study was on the effect 
of a mandate, in terms of the student outcomes achieved, 
as well as the resulting training and fidelity of SW-PBIS. 
It is possible that some schools may have improved out-
comes or implementation even without being mandated; as 
such, it may be possible that just having a law mandating 
implementation of SW-PBIS could have generated improved 
outcomes for some schools, even if they were not mandated. 
Moreover, one might question if the mandated schools were 
motivated to improve outcomes (perhaps truancy) through 
other means than SW-PBIS implementation, to essentially 
“get off the mandated list”; this would suggest that the man-
date, in and of itself, was associated with improvements, 
but not necessarily through implementation of SW-PBIS. 
However, this did not appear to be the case, given the RD 
analysis indicated that the mandated schools did not improve 
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student behavioral or academic outcomes relative to the non-
mandated schools.

Conclusions and Implications

These findings suggest that the state’s efforts to promote 
broad dissemination of SW-PBIS through the use of a 
state policy focused on truancy did not improve student 
outcomes but may have begun to shift or “nudge” the 
mandated schools to access training and reach fidelity of 
SW-PBIS. Although the RD analysis does not reflect sig-
nificant differences in training, the descriptive analyses 
suggested that by 2014, the majority of SW-PBIS trained 
secondary schools had been mandated. Despite this, not 
all of the mandated schools had received training in SW-
PBIS by 2014 (i.e., 4 years following the initial rollout of 
the mandate). Moreover, the fidelity analyses suggested 
that mandated schools were more likely to demonstrate 
the improving fidelity growth trajectory, with poor initial 
fidelity, but improving after the mandate to surpass the 
benchmark for adequate fidelity.

Taken together, the results suggest that the mandate 
may have had some modest effect on increasing train-
ing and fidelity of SW-PBIS. It is possible that the win-
dow of time examined in this study was not sufficient for 
full implementation of the policy or full implementation 
of SW-PBIS, much less student outcomes to be achieved. 
Nevertheless, the results suggest that even when implement-
ing SW-PBIS within the context of a mandate, schools can 
improve fidelity and achieve adequate to high fidelity over 
time. It is quite possible that there may have been limited 
implementation of the policy with regard to accountabil-
ity for follow through in training of the mandated schools. 
As such, researchers should be thoughtful when partnering 
with policymakers who are interested in mandating the use 
of different programs or practices, as such mandates may 
not prove to be effective, particularly if the policy and/or 
related programming do not result in the intended uptake 
of the evidence-based program. Additional procedures may 
be needed in future mandated implementation of SW-PBIS 
or other prevention models to further ensure that there are 
sufficient supports and accountability measures to optimize 
training, uptake, and implementation of the mandated pro-
gram. Future studies may also explore whether the program 
itself was implemented as intended, which in turn translated 
into improved student outcomes, or if the threat of the man-
date sufficiently motivated the schools to improve outcomes 
through other means.
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