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Abstract

A major instructional focus of interventions designed to promote self-determination, such as the
Self-Determined Learning Model of Instruction (SDLMI), is to engage students in learning to set
their goals, identify action plans, and evaluate their performance. However, little is known about
how students define their goal attainment outcomes, or the degree to which students and teachers
agree the attainment of goal set using the SDLMI in inclusive general education classes. This
study examined the relation between student and teacher ratings of goal attainment during the
first semester of a longitudinal, cluster randomized controlled trial of the SDLMI, as well as the
impact of student disability status and teacher supports for implementing the SDLMI (i.e., online
resources versus online resources + in-person coaching) on goal attainment. Findings suggested
the feasibility of engaging students with and without disabilities in rating their goal attainment
process during SDLMI instruction in secondary schools, with Kappa analysis indicating that,
when credit is given for at least partial agreement between students and teachers, there is a fair
amount of inter-rater agreement using conventional interpretation criteria. Importantly, however,
conclusions drawn about the impact of student (i.e., disability status) and teacher factors (i.e.,
teacher implementation supports) on goal attainment outcomes are impacted by whether student
or teaching ratings of goal attainment are utilized as the outcome measure. Implications for
future research and practice are described.

Keywords: self-determination, goal attainment, the Self-Determined Learning Model of

Instruction, Goal Attainment Scaling
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There is growing recognition in the education field that supporting adolescents to set and
go after goals is essential to promoting self-determination (Shogren et al., 2015). Learning to
self-regulate the process of setting goals and evaluating progress toward goal attainment
facilitates key executive abilities linked to success in multiple domains, particularly for students
with disabilities (Shogren, Burke, et al., 2019; Shogren et al., 2012). Although enhancing self-
determination has been identified as a critical outcome for secondary students (National
Technical Assistance Center on Transition, 2016), promoting self-direction of the goal setting
process and self-evaluation of goal attainment outcomes requires specific instructional strategies
and individualized outcome measures. Goal Attainment Scaling (GAS; Kiresuk & Sherman,
1968) has been used as an individualized outcome measure across many disciplines, including
education, special education, disability, and rehabilitation, as it provides a systematic framework
through which to evaluate the attainment of goals (Krasny-Pacini et al., 2013; Roach & Elliott,
2005; Ruble et al., 2012; Schlosser, 2004). The general framework for GAS has not changed
substantially since its introduction by Kiresuk and Sherman (1968). The first step is to identify
an individualized goal, followed by the development of an individualized five-point rating scale
or scoring “rubric” operationalizing expected outcomes ranging from -2 (much less than
expected) to +2 (much more than expected) with 0 being the expected level of attainment. The
final step is rating goal attainment based on the personalized rating scale. While the GAS
process can seem relatively straightforward, there are complexities in the application of GAS,
particularly when used as an outcome measure within secondary education research. Research
teams have suggested criteria for increasing reliability and validity of GAS scores (Krasny-
Pacini et al., 2016; Shankar et al., 2020); yet, consensus has not been established.

Previous applications of GAS typically involved researchers or clinicians supporting the
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development of measurable goals leading the creation of GAS rubrics and associated ratings.
However, when using GAS in secondary schools to evaluate the outcomes of self-determination
interventions, the conditions under which goals are set and ways in which GAS rubrics are both
created and rated can be complex. For example, the Self-Determined Learning Model of
Instruction (SDLMI; Shogren et al., 2018; Wehmeyer et al., 2000) is an evidence-based
intervention designed to be implemented by trained facilitators (e.g., general and special
education teachers, related service personnel) that can be overlaid on any area of instruction
(e.g., academic content, transition planning). Trained SDLMI facilitators deliver targeted
instruction to teach students to use a series of questions to guide themselves through the process
of setting goals, building action plans, and evaluating their progress toward goal attainment. The
SDLMI is delivered over an academic semester, with instruction organized around 12 Student
Questions divided into three phases (Set a Goal, Take Action, Adjust Your Goal or Plan).
Instruction guided by the 12 Student Questions continues across semesters to support students to
build abilities and skills associated with self-determination as they refine their goals and action
plans to achieve desired outcomes (Raley et al., 2018 for additional details on implementation).
Increasingly, the SDLMI has been applied in inclusive, secondary core content
classrooms to promote enhanced academic goal attainment, self-determination, and academic
achievement for students with and without disabilities. The premise is that all students can
benefit from instruction in goal setting and attainment, building key self-regulatory and
executive abilities that contribute to success in school and beyond (Shogren et al., 2016). In pilot
work in inclusive, mathematics classrooms, benefits for both general education teachers as well
as students with and without disabilities were found, including enhancements in the attainment of

goals that facilitate success in mathematics (Raley et al., 2018; Raley et al., in press). Yet, in
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using SDLMI in such settings, unique issues related to the assessment of goal attainment emerge.
A major instructional focus of self-determination interventions is directly engaging
students in learning to set their goals, identify action plans, and evaluate their performance.
However, little is known about having students lead the GAS process. While researchers have
stressed the importance of directly involving research participants in goal setting when using
GAS (e.g., Krasny-Pacini et al., 2016; Shankar et al., 2019; Shogren, Dean, et al., in press), there
is not agreement on how to involve participants in developing the GAS rubric, making ratings,
and determining the implications for data analysis and interpretation of outcomes. Such issues
are particularly important to consider when scaling up evidence-based interventions that target
goal attainment in secondary settings, such as the SDLMI, as requiring teachers or research team
members to establish individualized GAS rubrics for each student in an inclusive, general
education class would be time intensive. Further, students may benefit from the instructional
focus on learning not only to set goals but to identify targeted outcomes and evaluate their own
goal attainment. Additionally, for some student-selected goals, external raters (e.g., teachers,
research team members) may not be the best source of information regarding the student’s
current level of performance. For example, researchers have found that when the SDLMI is
utilized in inclusive, secondary classes that target core content areas (e.g., English Language Arts
[ELA], Science), students typically set goals that facilitate academic success, including
enhancing study skills, or increasing engagement or attending to instruction more effectively
(Raley, Shogren, Brunson, et al., 2020). Even though these goals are related to the core content
curriculum, teachers may not know what reasonable expectations are for each student or have
enough information to rate performance across all environments. Thus, examining the impact of

students leading the GAS process and level of correspondence between teacher and student
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ratings of student-directed GAS is needed to inform decision making about the use of GAS.

The present study is situated in a three-year cluster randomized controlled trial (C-RCT)
examining the impacts of differing SDLMI implementation supports for teachers (online
resources versus online resources + in-person coaching) in inclusive, secondary core content
classes. In the trial, students with and without disabilities receive instruction from their general
and special education teachers and directly engage in setting goals, developing GAS rubrics, and
rating their goal attainment. In addition to students’ ratings of goal attainment, teachers also
provided ratings of their perceptions of students’ goal attainment, using student-created GAS
rubrics. The purpose of this analysis is to address the following research questions:

1. How much agreement is there between student and teacher ratings of student goal
attainment outcomes?

2. Does the impact of teacher implementation support condition (online only versus online +
coaching) on goal attainment outcomes vary across student and teacher ratings?

3. Does the impact of student disability status (disability versus no disability) on goal
attainment outcomes vary across student and teacher ratings?

Method
Overall Study Design

Data used to explore the relations between student and teacher ratings of goal attainment
came from the first semester (Fall 2018) of a three-year C-RCT described previously. The
overall purpose of this ongoing, longitudinal trial is to examine the impact of differing intensities
of SDLMI implementation supports for teachers (online resources versus online resources + in-
person coaching) on teacher and student outcomes, including student goal attainment outcomes.

When implemented in inclusive classrooms, SDLMI implementers (e.g., general and special
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education teachers) from each school collaborate as a team to plan instruction; therefore, we
randomized schools into implementation support groups at the school-level to control for
spillover effects. In the first year of the C-RCT, seven schools from the Mid-Atlantic area of the
United States were randomized (four schools to online only; three schools to online + coaching).
However, one school in the online + coaching group could not participate in the first year of the
trial as majority of the implementers at the school were ill during the summer training. In the
overall C-RCT, 1,002 students across the six participating high schools engaged in the SDLMI in
inclusive classrooms and contributed data at some point during the first year of the project.
Participants and Setting

For the current analysis, data from a subset of students included in the overall C-RCT
were utilized; specifically, 647 students (528 [81.6%] in the online only group from four schools;
119 [18.4%] in the online + coaching group from two schools) who had goal attainment scaling
contributed data from the first semester of project implementation (Fall 2018). Table 1 presents
demographic data on the 647 students in the present analyses from administrative records with a
small amount of missing data (<2%) backfilled from a student self-report demographic survey.
Most students from the overall study sample who did not have GAS data either joined the project
during the second semester or were enrolled but did not contribute any outcome data (n = 271;
27.0% of total sample). A smaller percentage of students (8.4%; n = 84) were excluded because
while they set goals and created a GAS rubric they indicated that they did not complete their goal
and could not make a GAS rating during the fall semester. Implementing teachers included 12
general education and five special education teachers who collectively taught 20 ninth grade
English Language Arts (ELA) or 16 ninth grade Science classes. Most teachers identified as

female (n = 15, 88.2%) and two (11.8%) identified as male. Teachers identified as
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White/European American (n = 15, 88.2%), African American/Black (n =1, 5.9%), and
Hispanic/Latinx (n =1, 5.9%). All general education teacher participants were certified in the
subject areas they taught (i.e., ELA or Science) and special education teacher participants were
certified to provide special education supports. With regard to collaboration, two general
education teachers (11.8%) reported that they did not collaborate at all with other teachers.
Other teacher participants reported collaborating in diverse ways across general and special
education, including co-assessing student performance and progress (n = 11, 58.8%), co-
planning lessons (n = 9, 52.9%), co-teaching some class sessions (n =9, 52.9%), and co-teaching
all classes (n = 6, 35.3%). Across the six high schools, class sizes ranged from 13 to 29 students.
Procedures

Each school identified general and special educators to be co-trained to implement the
SDLMI as a part of the overall C-RCT. All SDLMI general and special education implementers
attended a standardized, two-day SDLMI in-person training provided by the research team in
summer 2018. Implementing teachers followed specific protocols for SDLMI whole-class
implementation (Raley et al., 2018; Shogren, Raley, et al., 2019). General and special education
teachers were trained to provide two weekly SDLMI mini-lessons (i.e., 15-minute instructional
sessions) at the beginning of their class instruction. Implementers were provided with SDLMI
mini-lessons (e.g., Student Question guides) to support their students in cycling through the three
phases of the SDLMI twice an academic year, once per semester. Teachers were empowered to
modify the SDLMI mini-lesson materials provided at the in-person training to align with their
students’ learning and engagement needs; however, they were required to meet the overall
Teacher Objectives for each mini-lesson to enable students to answer the Student Question

targeted in the lesson. After completing Phase 1 (Set a Goal) during each academic semester,
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students set a goal related to academic learning (e.g., “l want to improve upon doing my
homework more and turning it in on time”) with support from teachers.
SDLMI Online Resources and In-Person Coaching

Implementing general and special education teachers received one of two types of
implementation support based on random assignment of their school: (a) online modules
disseminated every two weeks via email (online only) or (b) online modules and in-person
coaching provided monthly by trained SDLMI coaches (online + coaching). The SDLMI online
resources were web-based modules that provided implementers with additional instructional
strategies, video examples, and materials to supplement their SDLMI implementation that
aligned with the three phases of the SDLMI and were disseminated throughout the academic
year. The online modules were not designed to be interactive. Teacher participants assigned to
the online + coaching group received the online modules plus monthly, in-person coaching from
trained SDLMI coaches. Coaches had previous experience as teachers, administrators, and/or
coaches and completed a standardized two-day training during Summer 2018 to learn how to
implement the guiding principles of the SDLMI Coaching Model (Hagiwara et al., 2020).
During the two-day training, coaches learned to conduct a SDLMI mini-lesson observation and
then an observation of the teacher leading core content instruction using the SDLMI Fidelity
Measure: Inclusive, General Education Version (Shogren, Raley, et al., in press). Coaches
conducted six individual coaching sessions with each implementing teacher over the academic
year (one coaching session per SDLMI phase each semester). Coaching sessions included
involved a 30-minute observation using the procedures learned in the training, and a 30-minute
conversation in which coaches prompted teachers to reflect on their implementation up to that

point in the academic year and provided feedback and resources to address teachers’
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implementation needs. Every coaching session ended with coaches and teachers collaboratively
setting a goal and action plan for teacher implementation prior to the next coaching session.
Goal Attainment Outcome Measurement

As mentioned previously, Goal Attainment Scaling (GAS; Kiresuk & Sherman, 1968)
has been frequently used to document the attainment of individualized goals in the disability
field. GAS requires that a range of personalized and differentiated levels of goal attainment be
specified (i.e., a GAS rubric) using standardized procedures. GAS rubrics include five levels of
possible attainment: much less than expected (-2), somewhat less than expected (-1), expected
outcome (0), somewhat more than expected (1), and much more than expected range of
outcomes (2). These levels of goal attainment are to be directly linked to the goal and reasonable
expectations of attainment within a specific timeframe. Researchers have developed specific
procedures to promote reliability and validity of GAS ratings (Krasny-Pacini et al., 2016),
including different protocols for identifying goals for GAS and for developing and rating
attainment using the GAS rubric (Shogren, Dean, et al., in press). In this C-RCT, students
identified their own goals and developed their own GAS rubrics, after receiving instruction
delivered by teachers as part of SDLMI implementation. Students entered their goal in a
customized online platform after completing Phase 1 and created their GAS rubric at the same
time. SDLMI instruction continued and after completing Phase 3 of the SDLMI focused on self-
evaluating goal attainment, students and teachers separately logged their independent ratings of
goal attainment using the student-created GAS rubric. Students and teachers made GAS ratings
approximately eight weeks after students identified their goal and created GAS rubrics.
Analysis Plan

To address Research Question 1, we examined inter-rater agreement on goal attainment
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outcomes (i.e., GAS ratings) across students and teachers using standard weighted x (Kappa)
analysis which uses a precise formula to assign partial credit for near, but not exact, inter-rater
agreement on an ordinal scale (Landis & Koch, 1977). Conventionally, x coefficients between
ranges of .0-.10 indicate an agreement level equivalent to chance; .11-.20, subtle agreement;
0.21-.40, fair agreement; .41-.60, moderate agreement; .61-.80, substantial agreement; and .91-1,
equivalent to perfect agreement. To address Research Questions 2 and 3, we used multivariate
analysis to jointly regress student and teacher ratings of goal attainment outcome on teacher
implementation supports (0 = Online Only; 1 = Online + Coaching) or student disability status (0
= No disability; 1 = Disability). Because the trial design focused on sets of nested units (students
nested in schools), all modeling was done in a multilevel framework. Multilevel analysis
decomposes variance in outcomes across units of analysis (i.e., students, schools) so that
inferences account for data dependency (Baldwin et al., 2014). To accommodate the number of
schools (n = 6), we initiated Bayesian modeling using the Markov Chain Monte Carlo (MCMC)
procedure in SAS 9.4 (PROC MCMC; SAS/STAT® 14.3 User's Guide, 2017). Because of their
high stability, MCMC algorithms recover complex models otherwise inaccessible with reduced
sample sizes (Bolstad, 2010). Our diffuse priors meant that Bayes estimates coincided with ones
obtainable by familiar maximum likelihood methods (Kruschke, 2011). We had a small amount
of missing data on predictors (<1% of students had missing disability status data) and a more
sizable amount of missing data on teacher goal attainment outcomes (we had all student ratings,
but 61% of corresponding teacher ratings were missing). Although all participating teachers
agreed to rating student-developed GAS rubrics when they joined the multi-year project, high
demands on teachers’ time during the academic year (e.g., benchmark grading, developing

Individualized Education Program [IEP] plans) limited their abilities to contribute these data.
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However, we found that the pattern of missingness was unrelated to the value of the goal
attainment outcome (e.g., student rating was not a predictor of a missing teacher rating), and we
treated all missing data as model parameters and, accordingly, estimated them (Chen, 2013).
Details about computation (e.g., priors) are available in supplemental materials.

Multivariate, multilevel analysis allowed us to jointly regress separate goal attainment
outcomes ratings (students and teachers) on the same predictors. We also examined whether our
predictors — teacher implementation supports (school-level), disability status (student-level) and
their cross-level interaction — might differ between raters. As an example, it could be that
disability mattered in ratings of goal attainment for teachers but not students. As such, there
were five possible scenarios for each type of rater: (a) no effects; (b) only teacher
implementation support effect; (c) only disability effect; (d) only main implementation support
and student disability effects; or (e) implementation support, student disability, and interaction
effects. Given the multivariate analysis jointly modeled data from teachers and students, the
number of scenarios to consider increased from 5 to 25 (=52). As an example, the no effects
scenario for teacher ratings could be paired with any of the five scenarios for student ratings.

To determine the scenario best aligned with the data and manage multiple models in one
analysis we used a machine learning technique, Bayesian model averaging (BMA; Hoeting et al.,
1999). Overall, BMA analysis provides a principled procedure guided by model probabilities
rather than p-values (Morey & Rouder, 2011). BMA allows for weighing of models by
probabilities to evaluate effect hypotheses (Howson & Urbach, 2006). Following standard
Bayesian procedures, we confirmed all models were viable via a posterior predictive check
(Lynch & Western, 2004). Second, a Bayesian fit statistic appropriate for Gaussian outcome

data, the Deviance Information Criteria (DIC), was used to assign each model a relative
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probability (an estimated probability that, out of all models, it will best predict new data). Then,
we pooled effects across the full set of models to derive inferences. We retained all models
regardless of the magnitude of their probability, so as not to use arbitrary significance thresholds.
Next, we (a) calculated the conditional probability that an effect contributed explanatory power
in the individual models of student- and teacher-rater data, (b) pooled estimates across models
including the effect to gauge the direction and size of the effect using data from each type of
rater, and then, bringing together our individual models for each type of rater, (c) derived the
weighted difference in the effect size estimates between type of rater. Adapting guidelines set
forth by Viallefont et al. (1998), we considered effect probabilities of .15 or less to indicate
strong evidence for no effect, effect probabilities close to .5 as weak (or uncertain) evidence, and
effect probabilities .85 or above as strong evidence.
Results

Research Question 1: Degree of Agreement Between Student and Teacher Raters

Table 2 presents a descriptive crosstabulation of the student and teacher goal attainment
ratings. As shown in Table 2, 125 (49.8%) of goal attainment outcomes are in exact agreement
between the student and teacher rater. Spearman correlation (r;) analysis also indicates the two
score distributions are moderately related, r,(251) = .447, 95% CI [.341, .541]. More generally,
both appear to approach normalcy, with most goals being attained at expected levels. There are
higher levels of agreement across raters at the center of the outcome distribution (expected levels
of attainment) with most disagreement at the tail-ends of the outcome distribution (i.e., much less
than expected [-2] or much more than expected [2]). When student and teacher raters are given
partial credit for near agreement, Kappa (k) analysis indicated that, overall, there was a fair

amount of agreement, ¥=.370, 95% CI (.282, .458). That is, student and teacher perceptions of
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students’ goal attainment outcomes provide divergent but complementary information, each
likely worth considering on its own in analysis and instructional planning.
Research Question 2: Impact of Rater on Teacher Implementation Supports Effect

Table 3 summarizes results of BMA analysis, including side-by-side comparisons of
effect estimates from the most probable models. In this BMA analysis, 25 models in total were
retained, however, the models shown in Table 3 were the most probable given available data and,
consequently, had greater weight in BMA analysis. The overall conditional probability given
available data for an effect of teacher implementation support (online only versus online +
coaching) was .578 (or 57.8%) using student-rated goal attainment outcome data and .565 (or
56.5%) using teacher data, which constitute weak evidence. We also examined if the effect of
implementation support was moderated by student disability status. The low conditional
probability for such an effect (=220%), irrespective of type of rater, provides reasonably strong
evidence that disability status was not a moderator of the relationship between teacher
implementation supports and goal attainment outcomes.

However, when comparing conclusions drawn when using student versus teacher ratings
of goal attainment as the outcome, the BMA analysis indicated that using student-rated goal
attainment data leads to different estimates of the effect size of the relationship between teacher
implementation supports and goal attainment outcomes than using teacher ratings. Using data
from student raters, the overall effect estimate—obtained by optimally averaging across models
with this effect—was .192 (in standard deviation units), an effect size considered to be small.
Only negligible deviance from this overall effect estimate was found in the individual estimates
of models using only student rater data (SD = .020), which means this estimate was stable across

individual models. However, using goal attainment ratings from teachers, the overall estimate
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for the same effect was only -0.01, which is, practically, null. This effect was also stable across
individual models (SD = 0.058). Such divergence in effect size, nearly .200 in standard
deviation units, shows a divergence across student and teacher raters that could impact
conclusions drawn about the outcomes of teacher implementation supports. That is, if student
ratings of their goal attainment are used, then the effect size estimate of differing implementation
supports for their teachers on goal attainment outcomes is small; however, if teacher ratings are
used, then the estimated effect size is very close to non-existent.
Research Question 3: Impact of Rater on Student Disability Status Effect

The third research question focused on whether the impact of student disability status (no
disability versus identified disability) on goal attainment outcomes differed if student or teacher
ratings of goal attainment were utilized. The overall conditional probability for the student
disability effect was .599 (or 59.9%) using student ratings of goal attainment but increased to
.807 (80.7%) using teacher ratings of goal attainment. As previously mentioned, these
probabilities, especially in small sample contexts, indicate that when students rate their own goal
attainment there is moderate evidence for an effect of disability status, and when teachers rate
student goal attainment, the data in turn suggest strong evidence. Moreover, BMA analysis
indicated that the estimated effect sizes of disability status is slightly different across raters.
When using student ratings, the overall effect is -.177 in standard deviation units (a subtle
effect), whereas, when using teacher ratings, the effect size is -.263 in standard deviation units (a
small effect). For all individual models, there was only negligible deviance from this overall
effect size estimates, which shows estimates were stable. Interestingly, although a difference of
.100 appears quantitatively negligible, qualitatively it ended up being enough to push the

estimate into the small effect size range using standard criteria with teachers indicating more of
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an effect of student disability status on student goal attainment outcomes. Thus, determination of
the practical importance of disability status, at least when using conventional criteria, is sensitive
to whether student ratings or teacher ratings of goal attainment are used.
Discussion

Key Findings and Implications Future Research and Practice
Agreement Between Students and Teachers on Goal Attainment Outcomes

Our findings suggest the majority of students with and without disabilities were able to
set goals using the SDLMI, and more importantly to the present analyses, establish GAS rubrics
and make GAS ratings. Further, a majority of teachers were able to make ratings of student goal
attainment using GAS rubrics created by students, suggesting the face validity of the rubrics that
were established (e.g., teachers did not report that they were unable to make meaningful ratings
using the rubrics). Only 8.4% of the overall student sample indicated that they were unable to
rate their goal attainment during the fall semester as they decided not to complete their goal. Of
this subset, 13% had an identified disability which is generally proportional to the students with
disabilities included in the sample. However, what is not known is the degree to which disability
or unmet disability-related needs impacted this group of students. Ongoing research, from a
tiered support framework (Shogren et al., 2016), is needed to explore how to support all students,
including students with disabilities, to successfully engage in goal setting and attainment as well
as how to identify students who may be struggling so that more intensive interventions, indicated
by goal attainment data (or lack thereof), can be implemented.

When looking at the level of inter-rater agreement, partial and exact, between students
and teachers, key considerations emerge. Kappa analysis found only a fair amount of agreement

on the level of student goal attainment outcomes. Agreement was easier to achieve at the
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expected levels of performance (a rating of 0 on the GAS rubric) than at the extremes of the GAS
rubric (much less [-2] or much more than expected [2]). The analyses suggested different
conclusions about goal attainment outcomes could be drawn based on the rater, particularly when
ratings suggest much greater or much less than expected attainment. Ongoing research is
critically needed to determine the factors that influence divergence in ratings by students and
teachers and the significance of such divergence. Although low inter-rater agreement is typically
treated as only an unfortunate nuisance (e.g., a function of measurement error), in this case,
divergence might be of more substantive interest. Could it be that students and teachers are
providing different perspectives, likely influenced by unique contextual factors, of goal
attainment outcomes? Further, how do student and teacher ratings correspond to actual student
skills and use of these skills in general education classrooms? Are students or teacher ratings
more aligned with actual performance? Currently, given the limited knowledge of the reasons
for the divergences, it does not appear valid to weigh teacher or student ratings over the other.
Instead, such outcomes must be examined jointly in analyses, with implications for conclusions
drawn clearly indicated. Ongoing research is needed to examine factors that predict ratings,
including teacher and student factors, as well as to explore the alignment of student and teacher
ratings with observational data on actual behavior.

Additionally, ongoing research is needed to see how student and teacher ratings of goal
attainment will diverge and overlap over time, particularly with ongoing student instruction and
teacher training. For example, in research on changes in student self-determination outcomes as
a function of SDLMI intervention, researchers have begun to find a pattern when data is
collected more frequently. Specifically, students initially rate their self-determination relatively

high, then show an initial drop in ratings after one semester of instruction (hypothesized to result
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from learning and adjustment in understanding of one’s self-determination), and then increase at
the end of the year (hypothesized to result from more informed ratings of self-determination
abilities and growth with instruction; Raley, Shogren, Rifenbark, et al., 2020). Thus, the degree
to which similar patterns are seen over time in student and teacher ratings of goal attainment over
multiple semesters are needed, particularly to determine if teacher and student ratings become
more aligned or more divergent over time and what contextual factors influence these patterns.
Such data could inform the interpretation of inferences drawn about goal attainment outcomes
and may suggest that triangulating data from students and teachers with observational data is
more important at different stages of intervention. Through subsequent academic semesters of
the multi-year C-RCT, observing if these patterns maintain or change as students and teachers
gain more experience in using the SDLMI will be an area of focus.
Effects of Teacher Implementation Supports and Disability Status

As noted, another critical reason for exploring the agreement between teacher and student
ratings of goal attainment is to inform the source of outcome data utilized to draw inferences
about the outcomes of an intervention. Rarely have researchers directly examined the impact of
different data sources on conclusions drawn, and the findings of this analysis suggest that the
rater of goal attainment outcomes has the potential to influence the conclusions drawn,
suggesting the importance of collecting data from multiple sources and perspectives and
analyzing data from each source rather than simply collapsing or characterizing differences as
measurement error. Although ongoing research is needed, the findings from this study suggest a
critical need to attend to the role of differing perceptions of outcomes in the analysis of
intervention efficacy. When examining the impact of student versus teacher ratings in estimating

the effect of teacher implementation supports, student ratings of goal attainment suggested a
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larger impact as teachers received more intensive supports for implementation. While, this was
still a small effect size, it was nearly .2 standard deviation units larger than the nearly non-
existent effect that teachers’ ratings of student goal attainment suggested. This suggests that,
during the first semester of engaging in the SDLMI with teachers receiving implementation
supports, students may be seeing a larger impact of factors that influence their teachers’
implementation of the SDLMI on their goal attainment than teachers are seeing. Although future
research is needed to confirm these effects, this is an interesting finding that suggests that there
could be differences in how students and teachers perceive the delivery of SDLMI instruction. It
also suggests that gathering student perspectives of their teacher’s implementation of evidence-
based interventions could be useful and perhaps inform training, coaching, and the intensification
of supports for teachers to effectively implement complex interventions. This is even more
important given research that suggests an interactive relationship between teacher perceptions of
their implementation and student outcomes, with students influencing teachers and teachers then
influencing students during the academic year (Shogren et al., 2020). However, a recent review
of coaching interventions in inclusive, secondary contexts identified that only 58.3% of included
studies reported on both student and implementer outcomes, and only 42.9% of that subset of
articles reported on the interaction between student and implementer outcomes (Raley, Shogren,
& Hagiwara, 2020). Therefore, there is a need to evaluate the interaction between student and
implementer outcomes, including collecting student perspectives on their teacher’s
implementation when support like coaching is provided, to assess accurately the impact and
sustainability of an adopted intervention on student outcomes (Cook & Odom, 2013).

With regard to the effect of student disability status, we found that student disability

status led to lower ratings of goal attainment after SDLMI intervention across student and
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teachers, consistent with previous research, but that this effect was substantially larger for
teacher ratings. Specifically, if we only used student ratings of goal attainment, we would find a
very small effect of disability (only detectable with statistics) on goal attainment outcomes, but
when using teacher ratings we found a small effect size of disability. Future research is needed
to better understand the practical implications of these discrepancies in ratings across student and
teacher raters. For example, do students overestimate their strengths while teachers identify areas
of additional instructional needs and supports? Or are teachers’ expectations of students’
capacities shaped by students having an identified disability as has been suggested by previous
research (Shogren et al., 2014)? Or are both meaningful yet independent, self-perceptions of
outcomes that could predict observed outcomes in distinct ways? Given that most of the teacher
raters were general educators, the degree to which experience and expertise in disability and
disability-related support needs also needs to be further considered. For example, to what degree
are teachers prepared to identify students who based on disability or other factors need more
intensive supports, particularly for building self-determination abilities? Additional work is also
needed to identify the impact of other student-level factors on expectations and ratings. For
example, researchers have found that the divergence between student and teacher ratings of self-
determination becomes even greater for students from minoritized backgrounds (e.g.,
Black/African American). Although we were not able to explore these interactive factors given
our sample size, future work is needed examining both student and teacher factors that influence
goal attainment ratings, with specific focus on implications for understanding different
perspectives as well as creating contexts where diverse perspectives can be discussed and
instructional implications determined and planned for in a culturally sustainable way (Shogren,

2011). Practically, using multiple sources of data (self-report, proxy-report, and objective
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observations of self-determination abilities) appears necessary, particularly in secondary, general
education settings. Adding observational data may provide a useful means to enable both
student and teachers to reflect on their ratings and the factors that influence their ratings of goal
attainment. A growing body of research suggests that each provides unique information for a
comprehensive assessment (e.g., Baroody et al., 2016).
Limitations and Future Directions

In this section, we highlight limitations that must be considered in interpreting findings.
First, as noted, this analysis utilizes data from the first semester of a three-year C-RCT. In this
multi-year study, schools, teachers, and students are being added over time in cohorts and while
this provides multiple opportunities to replicate these findings, it also means that such replication
will be critical to understand the veracity of these implications. With reduced sample sizes and
61% of the student ratings missing a corresponding teacher rating, BMA analysis results must be
interpreted cautiously because of the greater sampling variability in small samples and, albeit
explicitly modeled, the extra uncertainty missing data adds. Yet, such replications in the overall
study and by other researchers will allow for more systematic consideration of implications of
the raters selected for outcome measures in large-scale, classwide implementation of evidence-
based practices as well as the relation between these self- or proxy-report measures,
observational data and standardized measures (e.g., academic progress and achievement
indicators). Second, the logic of BMA analysis, a conservative procedure that acknowledges
uncertainty in which effects should be included in linear regression, presumes that one model in
the set of models considered is the correct one. This assumption, albeit reasonable given our
guiding theory, warns against generalizing results to models not considered. Specifically, we did

not address other student-, teacher-, and school-level factors that may influence the relationship
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between implementation of the SDLMI and outcomes. Further understanding of contextual
factors that impact outcomes will both allow for the identification of malleable factors (e.g.,
teacher training, more intensive instruction for students on rating goal attainment) that could be
targeted in intervention, as well as factors that may not be malleable but could inform teacher
training and supports. For example, better understanding of how diverse students define
meaningful goal attainment may be an area of need in teacher preparation and training around
goal setting and attainment interventions, like the SDLMI. Third, this BMA analysis was based
on cross-sectional data and only examined goal attainment outcomes after one semester of
SDLMI instruction. Ongoing, longitudinal data analysis is needed on students outcomes over
time, if the factors that affect student and teacher ratings over time change, and if student
persistence in the intervention influences goal attainment outcomes, particularly the agreement
between student and teacher ratings. Finally, the rate of missing teacher data suggested that
identifying time to assess individual students’ goal attainment using student-developed GAS
rubrics was challenging for secondary general and special educators. Therefore, future research
should explore how data management systems can be structured to create a less time-intensive
process as well as identifying how secondary school schedules can be structured to ensure
teachers have dedicated and protected time to report on student outcomes to guide research and
practice.
Conclusion

The present analysis utilized data from the first semester of a three-year, C-RCT
examining the impact of different intensities of supports (online only versus online + coaching)
on teacher implementation of the SDLMI in inclusive, core content classes with students with

and without disabilities. The focus of the current analysis was to examine goal attainment



STUDENT AND TEACHER PERCEPTIONS 23

outcomes during the first semester of the C-RCT, specifically agreement across student and
teacher ratings. And, when differences were found, this analysis explored if the different sources
(student versus teacher) of outcome data would influence the conclusions drawn about effects of
teacher implementation supports or student disability status on the relationship between SDLMI
implementation and goal attainment outcomes. Such work is important both to inform the use of
GAS as an outcome measure in this and other trials, as well as to guide ongoing, longitudinal
work examining goal attainment outcomes. The findings further establish the feasibility of
students with and without disabilities in inclusive, general education classes setting goals using
the SDLMI and establishing and making ratings using Goal Attainment Scaling. Although there
was only fair agreement overall between student and teacher ratings, there was still relatively
strong agreement at expected levels. However, educational researchers and practitioners must
acknowledge that student- and teacher-reports often diverge and that the source of data utilized
can influence the inferences drawn. Ongoing research is needed to further elucidate the reasons
for these divergences, the degree to which self- and other-report data aligns with actual behavior
in the general education classroom, the role of triangulation of multiple sources of assessment
data to drawn inferences about intervention efficacy and to inform instructional decision making,
and the degree to which self- and other-perceptions unique predict and inform intervention

outcomes.
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Table 1

Sample Demographics

. Online +
Characteristic Online Only Coaching Total
n % n % n %
Gender
Female 255 48.3 50 420 305 47.1
Male 273 51.7 68 57.1 341 52.7
Missing 0 0.0 1 0.8 1 0.2
Disability
No disability 427 80.9 102 85.7 529 81.8
Autism spectrum disorder 5 0.9 3 25 8 1.2
Emotional or behavioral disorder 2 0.4 1 0.8 3 0.5
Hearing impairment 1 0.2 0 0.0 1 0.2
Intellectual disability 5 0.9 0 0.0 5 0.8
Learning disabilities 61 11.6 9 7.6 70 10.8
Other health impairment 20 3.8 2 1.7 22 3.4
Physical disability 2 0.4 0 0.0 2 0.3
Speech language impairment 4 0.8 0 0.0 4 0.6
Missing 1 0.2 2 1.7 3 0.5
Race/Ethnicity
African American/Black 205 38.8 33 21.7 238 36.8
American Indian/Alaska Native 2 0.4 1 0.8 3 0.5
Asian American 16 3.0 6 5.0 22 3.4
Hispanic or Latinx 37 7.0 20 16.8 57 8.8
Hawaiian Native or Pacific Islander 2 0.4 0 0.0 2 0.3
Two or more races 16 3.0 3 2.5 19 2.9
White/European American 250 47.3 53 44.5 303 46.8
Missing 0 0.0 3 25 3 0.5
Grade
9th 515 97.5 116 97.5 631 97.5
10th 9 1.7 0 0.0 9 1.4
11th 0 0.0 2 1.7 2 0.3
Missing 4 0.8 1 0.8 5 0.8
English language learner (ELL) status
No 512 97.0 108 90.8 620 95.8
Yes 15 2.8 6 5.0 21 3.2
Missing 1 0.2 5 4.2 6 0.9
Free and reduced price lunch status
No 275 52.1 55  46.2 330 51
Yes 244 46.2 51 42.9 295 45.6
Missing 9 1.7 13 10.9 22 3.4

Note. Total of percentages for each category may not be 100% due to rounding.



STUDENT AND TEACHER PERCEPTIONS 30

Table 2
Crosstabulation of Student and Teacher Ratings of Goal Attainment Outcomes (n = 647)
Teacher
-2 -1 0 1 2 Missing Total
n (%) n (%) n (%) n (%) n (%) n (%) n (%)

2 [10(16) 406 5(08 1(02  0(0) 16 (2.4) 36 (5.6)
1 | 11(18) 32(5) 12(18) 4(0.6) 3(04)  97(15) 159 (24.6)
7(1) 23(36) 63(9.8) 13(2) 5(0.8) 169(26.2) 280 (43.4)
1 1(0.2) 10(1.6) 12(1.8) 14(22) 5(0.8)  84(13)  126(19.6)
2 0(0) 3(04) 4(06) 3(04)  6(1) 30 (4.6) 46 (7)
Total 29(46) 72(11.2) 96(14.8) 35(5.4) 19(3) 396(61.2) 647 (100)

Note. Kappa analysis excludes the 61% of the student ratings (n = 646) with no corresponding
teacher ratings. These teacher ratings were assumed missing at random. Kappa analysis results,
with partial credit included for near agreement, indicate that, although not substantial, there was
a fair amount of at least partial agreement between types of rater, ¥k=.3701, 95% CI (.282,.4581).
That is, students and teachers gave complementary but separate perspectives on goal attainment

outcomes.

Student
o
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Table 3

Bayesian Model Averaging Results

31

Weighted Most Probable Models Considered
Model Parameters P(Effect+0) Estimate Model 1 Model 2 Model 3
(SD)
Student Rater Data
Fixed Effects
Intercept (83) 100% -.069 (0.039) -.101 -.023 -.010
Implementation Support (81) 57.8% .192 (0.020) .186
Disability (83) 59.9% -.177 (0.018) -.193 -174 -179
Interaction (33) 17.8% 137 (0.031) 135
Variance Components
Residuals (t2,) .926 (.001) 925 924 .925
School (72,) 348. (.035) 371 310 309
Teacher Rater Data
Fixed Effects
Intercept (B2) 100% -.166 (.031) -.167 -.148 -.176
Implementation Support (82) 56.5% .010 (.035) -.035
Disability (8%) 80.2% -.263 (.058) -.313 -.318 -.321
Interaction (52) 20.7% .366 (.006)
Variance Components
Residuals (72,) 1.088(.004) 1.086 1.086 1.085
School (723) 468 (.072) 394 .398 493
Rater Type Correlations
Rater-Type Residuals (ry;) 431 (.041)
Rater-Type School Effects .049 (.015)
(Tse)
Model Fit
DIC (Smaller is better) 3922 3923 3923
Model Probabilities 12.2% 8.4% 7.5%

Note. The first column shows parameters considered in BMA analysis. The second column,
P(Effect+0), shows the probability the effect contributes any explanatory power—obtained by
summing the probabilities of all models including the effect. The third column, weighted
Estimate, shows the optimally weighted effect estimate—obtained by averaging estimates of all
models including the effect by model weight. The last three columns show parameter estimates
for all models in the set with at least a 10% probability of being correct. In total, we considered
25 different effect configurations in this BMA analysis.
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Article Title: Student and Teacher Perceptions of Goal Attainment during Intervention with the
Self-Determined Learning Model of Instruction
Supplemental Material
This section provides further detail on the Bayesian analysis. To address research
questions, we implemented multivariate multilevel model [M-MLM] analysis. An abridged
example model is below.
Yees = Booo + Boo1Grps + BiooDisabilityyes + Bio1 Grps * Disability,y

1 1 1
+ Ups + Uiks + Ctis

Vi Boo + B3o1Grps + BiooDisabilitys + Bio1 Grps * Disability g
+ Ufs + Ufys + efys
Y and Y4 denote a goal attainment outcome rating student k of teacher t at school s, Grp,
(coded: 0/1) indicates if school is in the “online + coaching” group, Disability,,. (coded: 0/1)
indicates if a student has a disability, B3,, and 3, are intercepts for outcomes, 53,, and 3y,
are the incremental effect of Grp,,s on goal attainment data, 5i,, and 5%, are the incremental
effect of Disability,,. on goal attainment data, and i,; and pZ,, are the interaction effect
between Grpg and Disability,,,, and uds, uds, and ul,, ul, are random school schools on
intercept and slopes. Random upper level effects (u) for intercepts and residuals (e) were
correlated across separate outcomes and multivariate normally distributed, with mean zero and
estimated variance.

All parameters in the model were given independent, weakly informed priors to facilitate
Bayesian estimation. These priors were:

B~N(0,d} = 10,000)
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i ~N(0,7; =1)

12~IGamma(Shape = 2,scale = 2)
These priors, as weakly informed priors, were selected so that Bayesian estimates would closely
approximate equivalent ML estimates. To fit this model to data, PROC MCMC used the Gibbs
sampler to obtain posterior distributions for each parameter. Based on trial and error, we
requested 505,000 MCMC iterations but discarded the first 5,000 and thereafter kept every 100t
iteration to reduce the amount of auto-correlation in the final MCMC chain. We also examined
the quality of the MCMC output through convergence diagnostic plots obtained via PROC

MCMC (available upon request).



