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Article

With the recent passage of the Every Student Succeeds Act 
(ESSA; 2015), the federal government reaffirmed previous 
legislative language (e.g., No Child Left Behind [NCLB] 
Act, 2001) encouraging schools to enact systems-based 
improvements to school climate that will support all stu-
dents, including those who are most at risk (McCurdy, 
Empson, Knoster, Fluke, & Grant, 2019). The logic is that a 
systems-based approach, which involves multiple elements 
or features functioning as a whole to achieve a common pur-
pose (Betts, 1992), will improve academic and behavioral 
outcomes for K-12 students. Building on public health mod-
els of prevention and intervention, these systems involve the 
following core features: effective core instruction, universal 
screening, a continuum of interventions varying in intensity, 
progress monitoring, and data-driven decision making. 
Schools across the country have adopted preventive frame-
works designed to provide a data-driven continuum of ser-
vices for the varied needs of students with and without 
disabilities (Lloyd, Bruhn, Sutherland, & Bradshaw, 2019). 
These frameworks generally follow a tiered or leveled 
approach in which the intensity of supports provided at each 
tier reflects the intensity of students’ needs within that tier. A 
well-known tiered academic framework is Response-to-
Intervention (RTI) and a social-behavioral framework is 
School-Wide Positive Behavior Interventions and Supports 
(SWPBIS). Multi-Tiered Systems of Support (MTSS) is a 
more recent and comprehensive term encompassing aca-
demic, social, and behavioral supports. Although there has 
been debate on the best way to describe or name these sys-
tems, data-driven decision making focused on identification, 

implementation, and evaluation issues is a cornerstone of all 
preventive frameworks (Horner, Sugai, & Anderson, 2010). 
Moreover, data-based decision making (DBDM) is funda-
mental to effective implementation of a multitiered system 
of prevention and intervention.

Whereas DBDM related to academic skills has advanced 
in important ways that have led to improved student out-
comes (Filderman, Toste, Didion, Peng, & Clemens, 2018), 
myriad questions remain about how to use data to monitor 
student progress in social-behavioral interventions (Maggin 
& Bruhn, 2018). For instance, some psychometric studies on 
the reliability, validity, sensitivity, and usability of behav-
ioral progress monitoring tools have been conducted, yet 
limited information exists about how to use the data to 
inform intervention decisions (e.g., Briesch, Chafouleas, 
Riley-Tillman, & Contributors, 2016; Bruhn, Barron, 
Fernando, & Balint-Langel, 2018; Gage, Prykanowski, & 
Hirn, 2014; Riley-Tillman, Chafouleas, Sassu, Chanese, & 
Glazer, 2008). Furthermore, in research studies, generally 
DBDM is done by the researchers, not the practitioners who 
often lack knowledge, training, self-efficacy, and implemen-
tation experience in this area (Bruhn, Estrapala, Mahatmya, 
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Rila, & Vogelgesang, in press; Bruhn, Rila, Mahatmya, 
Estrapala, & Hendrix, 2018; Dunn, Airola, Lo, & Garrison, 
2013; Stormont, Reinke, & Herman, 2011). This is not sur-
prising given findings of a recent review of 57 undergradu-
ate and graduate syllabi from special education courses in 
behavior or classroom management from universities in 31 
different states (Majeika, Wilkinson, & Wehby, in prepara-
tion). Authors found that although college students received 
instruction on measuring, evaluating, and graphing data, 
courses lacked assignments requiring students to collect 
data, create decision rules, and use data to make decisions 
about intervention effects and next steps.

Thus, the purpose of this article is to raise an initial call 
for research related to behavioral DBDM. By first examin-
ing the history and current status of academic DBDM, and 
then highlighting the related yet underdeveloped practices in 
social behavior, we use this information to suggest potential 
areas of research for moving the field forward in making 
effective data-driven decisions to improve social-behavioral 
outcomes (e.g., increases in academic engagement and posi-
tive social interactions, decreases in off-task and disruptive 
behaviors).

A Brief History of Data-Based Decision 
Making

To better understand how we might conceptualize and apply 
DBDM to social behavior, we first examine related work in 
academic DBDM. This work began in the 1960s with Dr. 
Ogden Lindsley at the University of Kansas who pioneered 
“Precision Teaching” (Lindsley, 1990). In Precision 
Teaching, a performance goal or “aim” was set at a speci-
fied target date, then called an “aim star.” Student perfor-
mance data were collected and graphed for 3 days to 
determine the student’s baseline level of performance. An 
“aim line” was then drawn from the midpoint of the base-
line data to the “aim star.” This line represented the perfor-
mance trajectory needed for the student to meet the desired 
goal. Each day, the teacher would provide instruction, and 
student performance data were used to determine if the stu-
dent was on track to meet the expected goal. This “teach 
and probe” procedure continued until either the student 
reached the expected aim, or the instructional program was 
deemed ineffective and the instruction was changed.

Lindsley’s general rule of thumb for instructional effec-
tiveness was that if a student was progressing at or above the 
aim line, then the program was appropriate for that student; 
otherwise, the instructional program was ineffective and 
needed to be changed in some way. In Lindsley’s words, 
“The learner knows best.” That is, the student’s performance 
should determine the “right” teaching strategy. One limita-
tion with Lindsley’s rule was that teachers were left on their 
own to determine if and when an instructional program was 

ineffective, as there were no specific data-based decision 
rules to guide program changes. Without formal decision 
rules, teachers often were unsure about the successfulness of 
a program.

Building from the research on Precision Teaching, 
Haring, Liberty, and White (1980) took a progressive step 
toward addressing the lack of decision rules. They analyzed 
data over 2 years on student performance as well as the 
types of changes teachers made in their instructional pro-
grams when no decision rules were in place. When instruc-
tional changes were made without decision rules, student 
performance increased 33% and 41% of the time in Years 1 
and 2 of the study, respectively. From these data, they devel-
oped formal decision rules to determine what type of pro-
grammatic change should occur (e.g., continuing, altering, 
discontinuing, or replacing instruction with something 
else). Common strategies for instructional changes included 
reteaching an earlier skill; providing more information in 
the form of instructions, cues, or feedback; delivering more 
powerful reinforcers or consequences; and moving ahead to 
a more advanced skill. Rules were applied as a series of yes/
no questions in the form of a discriminate analysis, which 
guided teachers to a solution regarding the need for instruc-
tional changes. Haring et al. (1980) found that when teach-
ers applied these rules to guide instructional changes, 
student performance improved 65% of the time, which was 
a large increase over changes made without decision rules.

Curriculum-Based Measurement (CBM)

Researchers extended early work on DBDM and developed 
CBM to measure students’ academic performance through 
the ongoing assessment of student performance. Critical 
components of CBM, which is commonly used in schools 
today, are described in the following paragraphs.

Defining the general outcome measure. To begin, the teacher 
must identify the problem that needs to be addressed (e.g., 
the student reads too slowly or is unable to compute two-
digit addition problems). Once the problem is specified, 
CBM involves probes used to measure the student’s 
response to the instruction. Typically, CBM probes overlap 
closely with a school’s curriculum, are quick to administer, 
can be given frequently, and are sensitive to short-term stu-
dent gains (Stecker, Fuchs, & Fuchs, 2005). These mea-
sures are designed to provide the teacher with data on the 
effectiveness of the instructional program. In reading, the 
most common general outcome measure is proficient oral 
reading of a sample passage or a maze task, both of which 
are on a student’s instructional grade level. In mathematics, 
the general outcome measure generally consists of a sam-
ple of critical grade-level computation skills (Stecker et al., 
2005).
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Setting the instructional goal. Once the problem has been 
identified and probes have been selected to measure student 
progress, an instructional goal must be established. This 
first requires baseline data on the student’s present level of 
performance. Once a minimum of three baseline data points 
have been gathered, it is possible to establish a target per-
formance goal for the student. By taking the median of the 
baseline data and multiplying the expected rate of improve-
ment by the number of weeks of instruction, a performance 
goal (previously known as the aim star) can be established 
(Filderman & Toste, 2018). For example, if a student’s 
median baseline reading rate is 30 correct words per min 
and an expected rate of improvement is two words per week 
and the monitoring will occur over 20 weeks, the goal 
would be 70 (i.e., 30 + [2 × 20]).

CBM requires probe data to be graphed for visual analy-
sis. The skill being probed and the scale (e.g., correct words 
per min) are labeled on the vertical axis. The horizontal 
axis represents the time (number of weeks) over which the 
skill is to be monitored. The graphing process begins by 
plotting the baseline data points. Next, an outcome goal 
point is placed on the graph at the intersection of the 
expected goal and the week of expected goal achievement. 
A line is then drawn between the median of the baseline 
data points and the outcome goal. Using the previous 
example, a line is drawn connecting the median of the three 
baseline data points (30) and the goal (70) at week 20 on 
the graph. This line is called the goal line (previously 
known as the aim line in Precision Teaching). The goal line 
represents the growth rate students are expected to achieve 
to reach their instructional goal (Filderman & Toste, 2018; 
see Figure 1).

Frequency of progress monitoring. Unlike Precision Teaching 
in which the student is probed daily on each skill being 
taught, generally in CBM, the student is assessed only once 
or twice per week. Although probing provides the teacher 
with less data to evaluate the effectiveness of the instruc-
tional program, academic skills often do not change quickly 
(e.g., daily), and so less frequent monitoring does not pres-
ent problems for evaluating student progress.

Implementing decision rules. Interpreting a student’s RTI 
involves ongoing data collection and analysis—usually by 
comparing the student’s actual performance data with the 
goal line and employing formal decision rules to determine 
when a program is effective or needs to be changed. Per-
haps the simplest decision rule applied to graphed data 
involves data points above the goal line. When data are 
above the goal line, but not yet above the performance goal, 
no change in the instructional program is needed because it 
is presumed the student will reach the intended goal by the 
expected date if the data continue to stay above the goal line 
(see Figure 2).

When data fall below the goal line, the teacher must 
decide when it is appropriate to alter the instructional pro-
gram. A common decision-making rule used in this case is 
the Points Below Method (Filderman & Toste, 2018). When 
this rule is applied, the teacher simply compares the stu-
dent’s last three data points with the goal line. If the last 
three data points are below the goal line, the teacher imple-
ments a program change as the student’s progress will not 
meet the goal by the expected date (see Figure 3).

The Points Below Method is not the only one that can be 
used; more sophisticated rules or methods exist to guide the 

Figure 1. Establishing the goal line.
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teacher (e.g., slope method, criterion mastery; Filderman 
et al., 2018). For example, when at least eight data points 
have been collected and they closely follow the aim line but 
the last three are below, trend lines can be used to determine 
if a program change is needed. As shown in Figure 4, the 
last eight data points are used for making a decision. The 
data points are divided into as equal groups as possible 
(e.g., 3, 2, 3). Next, the median is found for the first and 
third triad and an X is drawn at each median. A trend line is 
then drawn between the two median marks. If this trend line 
is sloping in an upward or positive direction, the decision 
would be to continue with the same instructional program. 
If this trend line is flat or sloping in a negative direction, the 

decision would be to change the instructional program 
(Hutton, Dubes, & Muir, 1992).

Various decision rules have been used to help teachers 
make successful changes in their instructional programs for 
individual students, with each decision-making method 
having its own strengths and limitations related to feasibil-
ity and accuracy. For more information related to applying 
these methods, we refer the reader to Filderman and Toste 
(2018).

In a review of CBM research, Stecker et al. (2005) 
reported that student progress monitoring alone did not 
improve student achievement; teachers had to implement 
program changes when the data indicated a change was 

Figure 2. No instructional change needed.

Figure 3. Instructional change needed.
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needed to be successful. Furthermore, when data-based 
decision rules were used, teachers were more responsive to 
making the necessary changes in their instructional pro-
grams. Relatedly, in a synthesis and meta-analysis on the 
use of DBDM in reading interventions across 15 studies, 
Filderman et al. (2018) found overall positive effects for 
DBDM when compared with studies in which DBDM was 
not used. These positive effects were most pronounced in 
studies in which the DBDM process was clear, systematic, 
and aligned with recommendations from the National 
Center on Intensive Intervention (NCII; 2013; that is, 
deliver research-based intervention, monitor progress fre-
quently, administer diagnostic assessments for students not 
making adequate progress, and adapt instruction as needed 
based on data). Meta-analysis indicates comparable find-
ings also exist for math and writing (Jung, McMaster, 
Kunkel, Shin, & Stecker, 2018).

Data-Based Decision Making for 
Social-Behavioral Interventions

As noted previously, DBDM using a discrete set of rules has 
been established in the field of reading and math interven-
tions. Similar work has not progressed at the same pace in 
the social-behavioral intervention field. Although DBDM is 
fundamental to tiered systems, most work in this area has 
focused only on Tier 1, or school-wide efforts, which are 
expected to be effective for 80% to 90% of the school popu-
lation. In Tier 1, data are collected school-wide; that is, on 
every student in the building. These data are often required 
by districts and states to be collected and reported publicly, 
which may be why the bulk of research on DBDM for 
behavior is in Tier 1. Typically, school-wide behavioral data 

include attendance, suspensions, expulsions, and office dis-
cipline referrals (ODRs), though a small percentage of 
schools (<13%) use universal behavior screeners (Bruhn, 
Woods-Groves, & Huddle, 2014). These data are used to 
identify students who need Tier 2 or Tier 3 supports because 
Tier 1 alone is insufficient, with most schools relying on 
ODRs (Bruhn et al., 2014). Conventional wisdom has been 
that students who have two to five ODRs should qualify for 
Tier 2 supports (about 10%–15% of students), and six or 
more ODRs should qualify them for Tier 3 supports (about 
5% of students; McIntosh, Frank, & Spaulding, 2010). 
Although these data indicate a change in behavioral support 
is necessary, ODR data do not indicate the type of interven-
tion (e.g., small group social skills instruction, self-manage-
ment strategies) a student should receive.

Using data to decide who needs Tier 2 or Tier 3 supports 
in addition to Tier 1 is a fairly straightforward process when 
using a criterion such as a certain number of ODRs or a cut 
score on a screening tool. Once students are in a Tier 2 or 
Tier 3 intervention, however, the DBDM process becomes 
much more complex. Unlike in Tier 1, a student’s RTI ide-
ally is measured on a more frequent, ongoing basis. The fre-
quency of data collection alone makes monitoring progress 
in Tiers 2 and 3 a more arduous task. At Tier 2, efficiency is 
especially important because there are likely to be 3 times as 
many students requiring this level of support as compared 
with Tier 3 (Hirsch, Bruhn, & Kittleman, 2019). In Tier 2, 
the behaviors monitored may be more general and tied to the 
Tier 1 plan (e.g., Be Respectful), whereas in Tier 3, behav-
iors may be more specific and individualized to the student 
(e.g., keep hands, feet, and materials to self; Hirsch et al., 
2019). The practical implementation of progress monitoring 
involves extensive coordination among school personnel to 

Figure 4. Comparing trend line with goal line.
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determine who, when, what, and how data will be collected 
(Bruhn, McDaniel, Rila, & Estrapala, 2018). Teams must 
determine if (a) the classroom teacher or another staff mem-
ber (e.g., school counselor, paraprofessional) will collect the 
data, (b) data will be collected daily or weekly, or (c) paper 
or electronic forms will be used. These are just a few of the 
myriad issues, and perhaps the most difficult one is deter-
mining what type of data should be collected.

Data Collection

The type of data collected and the tool used to collect data 
depend on the behavior being monitored and the interven-
tion being implemented (Bruhn, McDaniel, et al., 2018). 
For instance, in systematic direct observation (SDO), dis-
crete behaviors (e.g., swearing) may be observed and 
recorded using basic frequency counts, whereas continu-
ous behaviors (e.g., academic engagement) may be moni-
tored using time sampling procedures. Although SDO is 
generally accepted as the “gold standard” in behavioral 
measurement, it is also time- and labor-intensive 
(Adamson & Wachsmuth, 2014). Relatedly, some inter-
ventions may have data collection tools (or intervention-
based measures) built in (Bruhn, McDaniel, et al., 2018), 
such as the daily progress report in the Tier 2 intervention 
Check-in/Check-out (CICO; Crone, Hawken, & Horner, 
2010). Not only should the tools or methods used to col-
lect progress monitoring data be reliable and valid, but 
also they need to be feasible, efficient, and repeatable 
(Christ, Riley-Tillman, & Chafouleas, 2009).

Although ODR data may be readily available and 
accessible to all school personnel, making those data prac-
tical and feasible (Sugai, Sprague, Horner, & Walker, 
2000), ODRs should not be used for progress monitoring 
for a number of reasons. First, the data are only as accurate 
as the system and practices are reliable, meaning if teach-
ers’ understanding of what constitutes an ODR differs 
across the building, then ODR data may not be a true 
reflection of student behavior (Pas, Bradshaw, & Mitchell, 
2011). Additionally, data are generated only when an ODR 
is accrued, and ODR data tend to capture mostly external-
izing behaviors (McIntosh, Campbell, Carter, & Zumbo, 
2009).

Recently, scholars have begun to examine potential 
behavioral progress monitoring tools that can be tailored to 
individual behaviors and interventions at Tiers 2 and 3. 
These include SDO measures such as momentary time sam-
pling of academic engagement, as well as direct behavior 
ratings (DBRs) of engagement and disruption, both of 
which have evidence of reliability (Chafouleas et al., 2010; 
Wood, Hojnoski, Laracy, & Olson, 2016). The National 
Center on Intensive Intervention (NCII; www.intensivein-
tervention.org) offers a critical analysis of these various 
tools, including information on the technical adequacy 

(e.g., reliability, validity, sensitivity to change) and social 
validity (e.g., acceptability, feasibility, contextual fit). Each 
of these methods has advantages and disadvantages, and 
selecting one often is dependent upon the contextual fit for 
the classroom or school (Burke et al., 2012).

Data Evaluation

Once a tool has been selected and data collection has com-
menced, the difficult practice of evaluating data to determine 
student responsiveness and making decisions is ongoing. 
Bruhn, McDaniel, et al. (2018) outlined a step-by-step pro-
cess for monitoring behavioral progress using SDO, DBR, 
and intervention-based measures. This process includes 
selecting an appropriate method of measurement, logistical 
planning, analyzing data, incorporating treatment fidelity 
into the decision-making process, and adapting intervention 
based on student response. Although authors make recom-
mendations for visually analyzing stability and trends in 
behavior, no research-based rules or criteria are presented 
for helping practitioners determine if a student is making 
adequate progress. For instance, it is unclear if there is a cer-
tain percentage a student needs to reach to be considered 
responsive. Also unclear is the duration a student needs to 
maintain that percentage to still be considered responsive, 
and at what point an adaptation to intervention should be 
made (e.g., fading intervention). In practice, these evaluative 
decisions generally are left to school site teams. Unfortunately, 
these teams rarely have any formal training on DBDM for 
behavior (Bruhn et al., in press). Further exacerbating the dif-
ficulty with this process is that no standard protocol exists for 
social-behavioral DBDM. This is in stark contrast to aca-
demic progress monitoring, which was founded on a set of 
basic decision rules nearly 50 years ago. Although other 
scholars have developed processes for teams to analyze data 
and problem-solve (e.g., Team-Initiated Problem Solving 
[TIPS], Data-Based Individualization [DBI]), the field has 
neglected to move beyond process to protocol for data 
evaluation.

Setting a Research Agenda

As evidenced above, there has been some movement on the 
development of measures to progress monitor social behav-
ior; however, the critical issue of how to use these measures 
to make decisions about modifying/adapting behavior inter-
vention remains unresolved. Although traditional methods 
of visual inspection (e.g., stability and trend analysis) are 
available, these approaches focus on describing data pat-
terns, not informing decisions on programmatic changes to 
intervention procedures. To make programming changes, a 
set of decision rules that accounts for baseline levels of per-
formance, the type of measurement tool used, and the type 
of behavior must be considered.

www.intensiveintervention.org
www.intensiveintervention.org
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As we have seen in research on academic DBDM, hav-
ing a set of rules or a protocol to follow has helped teachers 
make sound instructional decisions leading to improved 
student outcomes (Filderman et al., 2018; Jung et al., 2018; 
Stecker et al., 2005). These decision rules were based on 
years of research to determine age or grade-level goals, 
expected growth rates, and the type of tailored instruction 
necessary to meet students’ needs. Comparable decision 
rules for behavior do not exist, and we hypothesize this is 
due to the vast complexity of behaviors that vary within and 
across individuals, as well as variations in the classroom 
environment (e.g., teachers’ competence and attitude, class-
room management, instructional activity) that shape behav-
ior (Fabiano, Pyle, Kelty, & Parham, 2017). Despite this 
complexity, we are hopeful that by laying out these issues 
and the subsequent questions that need to be answered, this 
article will serve as a steppingstone to more dedicated work 
around DBDM for social behavior that follows similar logic 
to academic DBDM. These issues center on baseline data, 
measurement tools, and features of social behavior.

Baseline Data

Number of data points. Collecting baseline data allows 
researchers and practitioners to observe students’ present 
level of performance without an intervention in place. In 
practice, these data should be used to set intervention goals 
and to determine if an intervention is working. From a 
research perspective, these data are imperative to establish-
ing a functional relation between the dependent and inde-
pendent variables, and thus the opportunity to demonstrate 
the necessary scientific rigor for establishing evidence-
based practices. The What Works Clearinghouse standards 
for single-case design (Kratochwill et al., 2013) require a 
minimum of three baseline data points to meet the standards 
with reservation, whereas five are required to fully meet the 
standards. One of the first issues that must be addressed in 
creating decision rules is determining the number of base-
line data points required prior to setting a behavioral goal. 
In academic DBDM, three baseline data points are col-
lected. Applying this same logic to behavior, it is possible 
three data points are sufficient, so long as behavior is not 
highly variable. If data are variable, using only three data 
points to set an accurate and attainable initial behavioral 
goal may be problematic. Five data points, however, may 
allow behavior to stabilize. Or, at the very least, five may 
present a more accurate representation of behavior than 
three. It is possible, however, that even five data points are 
not sufficient for establishing a baseline level of perfor-
mance, and as many as 10 may be needed (Chafouleas et al., 
2013; Lewis, Scott, Wehby, & Wills, 2014). Although it 
may seem trivial to compare three versus five versus 10, the 
reality is when students have persistent challenging 

behavior in the classroom, teachers want immediate fixes. 
Furthermore, a core tenet of Tier 2 and Tier 3 interventions 
in which these decision rules would be applied is that they 
are readily available and implemented as soon as a student 
is identified as needing Tier 2 or Tier 3 support. For stu-
dents with more severe challenging behaviors, withholding 
intervention for additional days while collecting baseline 
data may pose both ethical and social validity problems, 
particularly for the teachers charged with collecting the data 
and supporting the target student. Students exhibiting self-
injury or physical aggression toward others, for example, 
are likely to need immediate intervention as their behavior 
could pose harm to themselves or others. Thus, withholding 
intervention until a certain amount of stable baseline data 
had been collected would be unethical. In short, additional 
research is needed to determine how much baseline data are 
needed to (a) accurately reflect typical student behavior 
absent intervention and (b) establish a reasonable initial 
behavioral goal.

Setting a goal. In academic progress monitoring, an initial 
performance goal is based on the median of baseline data, 
the expected growth rate, and the number of weeks of 
instruction. Unlike academic skills, there is no expected 
growth rate for behavior nor a standard duration for inter-
vention. Whereas academic skills tend to change more 
slowly over time, behavioral change can happen rapidly, 
particularly when students are displaying performance defi-
cits rather than acquisition deficits. With a performance 
deficit, the student may be refusing to perform appropriate 
behavior of which she or he is capable whereas an acquisi-
tion deficit indicates the student either has not acquired, or 
is not fluent in, the behavior. If the student has a perfor-
mance deficit and is engaging in a reversible behavior (i.e., 
behavior that returns to baseline levels when intervention is 
withdrawn), the growth rate may be much faster than with 
an acquisition deficit because an intervention will likely 
focus on adjusting environmental conditions and reinforce-
ment contingencies that result in immediate improvement 
(Gresham, Elliott, & Kettler, 2010). In this case, the goal 
may be set higher and goal attainment may be expected 
sooner than with a skill deficit. In contrast, acquisition defi-
cits may require explicit teaching, modeling, practicing, 
and reinforcing of skills (Gresham et al., 2010). Like aca-
demic growth, this learning process may lead to slower 
behavioral change depending on the behavior targeted for 
change and the dosage of skill instruction. Thus, the goal 
may be set lower and raised incrementally over a longer 
period of time.

If we can determine an expected growth rate (e.g., five 
social interactions per day, 10 percentage points on-task 
behavior during class), which will likely vary by behavior, 
individual, and intervention, then we need to determine 
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how long students will need intervention. Because there is 
no standard duration (e.g., 6 weeks) and practitioners have 
to decide this on an individual basis, research is needed to 
determine the optimal duration for intervention. How long 
does a student need to participate in a Tier 2 or Tier 3 inter-
vention to reach mastery criteria and then maintain behav-
ioral change? Research on growth rates by behavior (e.g., 
type of deficit), intensity, child characteristics (e.g., disabil-
ity), and intervention, as well as intervention duration, will 
help inform researchers and practitioners on how to set 
attainable goals and then track progress with respect to the 
goal line.

Measurement Tools and Decision Rules

Assuming researchers can answer questions related to the 
number of baseline data points, expected growth rates, 
intervention duration, and attainable goals, decision rules 
about RTI may be created. However, another issue requir-
ing further examination is the application of decision rules 
across various measurement tools. As noted above, there 
has been some progress related to the collection of social 
behavior data. Measures ranging from SDO, DBR, inter-
vention-based measures, and ODR have been proposed as 
possible methods for charting an individual’s response to an 
intervention (Bruhn, McDaniel, et al., 2018). These mea-
surement methods produce data that range from counts of a 
specific topography of a discrete social behavior via SDO 
(e.g., number of talk-outs during an academic period) to 
general estimates of a child’s adherence to school-wide 
expectations (e.g., total DBR points across a class period). 
Unfortunately, other than SDO and to some extent DBR 
(Briesch et al., 2016), the field of behavior progress moni-
toring lacks tools that are comparable with CBM in terms of 
technical adequacy and feasibility. Relatively little attention 
has been paid to the psychometric issues of behavioral 
progress monitoring tools, and these tools are critical to 
accurate decision making in problem-solving frameworks 
such as SWPBIS further research is needed to establish the 
reliability, validity, sensitivity, usability, and feasibility of 
behavioral progress monitoring tools (Maggin & Bruhn, 
2018). Applying decision rules to behavioral data can be 
done only if the data are reliable and valid, as DBDM is 
predicated on psychometrically sound assessment tools 
(Chafouleas et al., 2010).

It is important to note that some of this work has begun 
and can help guide future research on measurement tools 
for monitoring social behavior. For example, within SDO 
alone, it has been reported that estimates of duration are 
more accurate when time sampling intervals are shorter 
and observation sessions are longer (Lane & Ledford, 
2014; Sharp, Mudford, & Elliffe, 2015). In addition, some 
research has suggested SDO and DBR are significantly 
and positively correlated (Riley-Tillman, Chafouleas, 

Briesch, & Eckert, 2008; Smith, Eklund, & Kilgus, 2018) 
when using a momentary time sampling procedure. It is 
unknown whether this relationship stands across different 
recording systems (e.g., duration, event, or time sam-
pling). While this type of work needs to continue to expand 
the range of behavioral progress monitoring tools as well 
as the usability and sensitivity of existing tools, concur-
rently, research needs to occur on the degree to which spe-
cific measurement tools influence the types of decision 
rules that are being used.

A major question in the development of decision rules 
involves the degree to which different progress monitoring 
tools (i.e., SDO, DBR, or other) require a set of different 
decision rules. It could be that a general outcome measure 
such as DBR would involve a different algorithm than an 
SDO monitoring approach using momentary time sampling 
to estimate off-task behavior. As work on improving the 
technical adequacy of these measures continues, questions 
on how the features of these monitoring systems impact 
DBDM also should be explored. It should be noted that the 
type of behavior being monitored (e.g., prosocial or antiso-
cial) also may influence decision rules and should be 
included in any research in this area.

To this end, we envision a series of studies that would 
involve researchers collecting multiple measures (e.g., DBR 
and SDO) on behavior (both prosocial and antisocial) concur-
rently, graphing the data, applying a hypothetical set of deci-
sion rules, and determining if the same decisions are made at 
the same time point for each measure or tool. This work would 
be enhanced by creating standards for using visual analysis to 
make decisions, especially given research indicating there is 
often low to moderate agreement when different reviewers 
analyze the same graphed data (Barton, Meadan-Kaplansky, 
& Fettig, 2019; Ninci, Vannest, Willson, & Zhang, 2015).

Features of Behavior

A third area of exploration involves understanding how fea-
tures of behavior interact with decision rules. Like the influ-
ence on expected growth rates, a skill deficit or a performance 
deficit may influence how decision rules are applied. One 
might presume that with a powerful intervention in place 
with fidelity, a student with a performance deficit may 
improve faster because the skill is already in their behavioral 
repertoire, whereas an acquisition deficit requires the student 
to acquire the skill and then develop fluency. Thus, it is pos-
sible different rules should be created to account for behavior 
that is expected to quickly change versus that in which slower 
growth over time is expected. Again, understanding these 
issues requires thoughtful, rigorous research. Quantitative 
syntheses of intervention research could begin to answer 
these questions. As an example, researchers could conduct a 
systematic search for single-case design studies of a specific 
intervention (e.g., small group social skills instruction). 
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Graphed data could be extracted using software that essen-
tially recreates the raw data set (e.g., Plot Digitizer). These 
data can then be statistically analyzed for growth rates, while 
accounting for intervention dosage, duration, and measure-
ment variation. Furthermore, within-child characteristics 
such as behavior type and severity, as well as demographics, 
could be included as moderators, thus allowing for a more 
in-depth analysis.

Another feature of behavior that may influence how deci-
sion rules function is whether the behavior being measured 
is positive (e.g., on-task) or negative (e.g., disruption). 
Although one might presume growth occurs in a positive 
direction, when negative behaviors such as inappropriate 
language, disruption, and aggression are measured, “growth” 
is in a negative direction as evidenced by decreases in behav-
ior. It is not clear if a simple transformation of rules is appro-
priate. For instance, a decision rule for positive behavior 
might indicate that, after the student has met the initial goal, 
the goal should be raised by 10 percentage points. If the 
behavior is negative, we cannot presume the corresponding 
rule should be to decrease the goal by 10 percentage points. 
Research on this issue will involve determining acceptable 
levels of performance for both increasing and decreasing 
behaviors. Additionally, for positive behaviors, research is 
necessary to determine decision rules for adapting interven-
tions as students move from skill acquisition to fluency to 
maintenance.

Conclusion

Given the complexity of social behavior, developing a set of 
data-based decision rules for determining students’ behav-
ioral response to intervention  is a formidable task. This chal-
lenge is exacerbated by the dearth of teacher knowledge and 
self-efficacy in DBDM related, in part, to inadequate preser-
vice preparation (Majeika et al., in preparation). However, 
research in academic DBDM has demonstrated that when 
provided clear and discriminate decision rules, teachers can 
make impactful instructional changes resulting in improved 
academic outcomes (Filderman et al., 2018; Haring et al., 
1980; Jung et al., 2018; Stecker et al., 2005). In light of the 
success of academic DBDM, we are hopeful about the prom-
ise of behavioral DBDM. We have outlined three overarching 
themes for extending the research in this area specifically 
related to baseline data, measurement tools, and behavioral 
features. Understanding how we measure behavior, how 
often we measure it, how we set goals, and how dimensions 
of the behavior itself (e.g., topography, type of deficit, defini-
tion) alter the functioning of decision rules will be important 
in this line of DBDM research. With a retrospective look at 
academic decision making followed by suggestions for 
research in behavioral DBDM, we recommend researchers 
heed this initial call and, in turn, conduct DBDM research to 
improve practice and student outcomes.
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