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ABSTRACT
We investigated the impact in ninth-grade mathematics classrooms
of Proficiency-based Assessment and Reassessment of Learning
Outcomes (PARLO), a standards-based grading system. Key compo-
nents of PARLO are basing student final grades on the number of
learning outcomes on which the student is high-performance or pro-
ficient, providing students with formative feedback, and encouraging
students to reassess for full credit after further study. Our mixed-
methods study employed a cluster randomized control trial with
2,736 participating ninth graders at 14 Treatment and 15 Control
schools. Data included student achievement tests, interviews with 35
teachers, and student surveys. The program improved student per-
formance on end-of-course algebra and geometry tests by a statistic-
ally significant 0.33 SD but did not impact students’ value of or
expectancies for success in mathematics. However, treatment effects
on mathematics performance were moderated by these psycho-
logical antecedents of motivation, such that students with higher
math expectancies and value benefited more from the treatment.
Furthermore, teacher interviews suggested that PARLO may have
also had positive effects on growth mindsets, mastery goals, auton-
omy, and relatedness.
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Introduction

Among the most central and deeply rooted features of most American classrooms is a
grading system that is designed to rank, sort, and evaluate students as learners, but is
not optimally designed to help students learn. In the late 19th and early 20th centuries,
many educators sought to build a “meritocratic” system that would give students access
to a common elementary education, with students encouraged to persist according to
their interests and abilities. Specifically, the system was designed so that more naturally
talented and quicker learning students would receive higher grades than those with less
natural talent or who learned more slowly, and only those with high grades would be
encouraged or even permitted to progress to the next level of the education system
(Farrington & Small, 2008; Schneider & Hutt, 2014).

Thus, the grading system that is still typical in U.S. classrooms today was adopted at
a time when a primary goal of public education was to sort students based on their sup-
posed inherent intellectual abilities. As a result, the grading system does not optimally
support the theoretical goal of the modern education system: learning. Specifically, class-
room grading is built around summative assessments that typically only provide students
with a limited amount of time to learn a topic and a limited number of opportunities to
demonstrate how much they have learned. After assessment, students are often not pro-
vided with additional opportunities to improve their skills or to demonstrate that they
have increased their learning. Further, early assessments are typically averaged with later
assessments. This can discourage persistence in the face of initial difficulty because no
matter how well students eventually learn the material they will be evaluated partly
based on their initial difficulties.

A Proposed Improvement: Adding Formative Assessment

To better support student learning, educators in the 1960s began recommending forma-
tive assessment as a supplement to summative assessment (Bloom, 1968). In contrast to
the traditional system, where assessments are used solely to provide a final, summative
judgment of student performance, formative assessment uses assessments intermittently
to provide teachers and students with feedback about each student’s progress. This ena-
bles teachers and students to adapt their teaching and learning strategies to help each
student progress based on their individual needs. Numerous meta-analyses have shown
that formative assessment has significant positive implications for student engagement,
learning, and performance, especially for previously low-performing students (e.g., Black
& Wiliam, 2010; Kingston & Nash, 2011).

To date, most formative assessment programs that have been implemented, especially
in mathematics, have been teacher-facing. This approach to formative assessment pro-
vides teachers with feedback about their students’ current level of proficiency, allowing
the teachers to adapt their teaching strategies to meet the individual needs of their stu-
dents (e.g., Supovitz et al., 2018). However, formative assessment can also be student-
facing, wherein assessments are used to provide students with feedback about their own
current level of proficiency and the nature of their mistakes so they can adapt their
learning and become more proficient.
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Numerous educators have called for more widespread implementation of student-fac-
ing formative assessment (e.g., Leahy et al., 2005; Wiliam, 2011). Mills and Silver (2018,
p. 180) articulated the argument for mathematics: “Teachers on their own cannot make
students learn mathematics; students must become partners in their own learning in
order for effective teaching and learning to occur.” Supporting student agency by incor-
porating student-facing formative assessment may be especially efficacious for middle
and high school students, an age when students are exploring their independence and
have a particular need for status and respect (Yeager, 2017; Yeager et al., 2017).

Nonetheless, prior research on student-facing formative assessment in math class has
been limited, mostly focusing on improving the feedback that students receive about
their work. For example, Murphy et al. (2020) reported results of a cluster randomized
control trial (RCT) that evaluated “Assistments,” an online program that provides stu-
dents immediate feedback on the correctness of homework problems. “Assistments”
increased the mathematics achievement of seventh graders by a statistically significant
0.2 standard deviations (SD). Programs like “Assistments,” are philosophically compat-
ible with and potentially complementary to, but differ from, the program we investi-
gated, which focused on reengineering the grading system to better support student
learning.

Standards-Based Grading: The PARLO Assessment System

The present work examines the effects of the Proficiency-based Assessment and Re-assess-
ment of Learning Outcomes (PARLO) system. The system was developed by a partner-
ship between Dylan Wiliam, a pioneer researcher in formative assessment, and the
Math Science Partnership of Greater Philadelphia (MSP-GP), an NSF-funded project
that brought together 13 institutions of higher education and 46 Pennsylvania and New
Jersey school districts to improve grades 6-12 mathematics and science education. It was
partly inspired by a program at the Young Women’s Leadership Charter School
(YWLCS), a public charter high school in Chicago that changed its grading system to
allow students to reassess for full credit whenever they had mastered classroom content.
The goal was to promote students’ agency by fostering a sense of partnership with their
teachers in ensuring that they mastered the big ideas from each course. As a result of
these changes, YWLCS regularly achieved the highest graduation rate of any nonselec-
tive public school in Chicago, despite serving a similar student body as neighboring
schools (mostly low-income Black and Latina students; Farrington & Small, 2008).

The PARLO assessment system is designed to be implementable in a single teacher’s
classroom, embedded in a school that may have a traditional American grading system.
Consequently, PARLO teachers do assign final summative grades. However, PARLO
reengineers the classroom assessment system by better integrating summative assessment
and student-facing formative assessment. Specifically, while students receive summative
scores on quizzes and assignments, such scores are not recorded indelibly to be used in
a weighted average that determines final grades. Rather, the teacher uses such assess-
ment evidence both to evaluate the extent to which a student is proficient in each of the
course’s learning outcomes at that particular moment in time, and then to provide stu-
dents with personalized feedback designed to guide further learning. Students are then
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given opportunities to do further work, at home or in school, and to be reassessed for
full credit. In other words, summative assessments become formative tools designed to
promote further learning, instead of merely yardsticks to measure the student’s effi-
ciency as a learner.

The first step in implementing PARLO is clarifying and sharing learning intentions
and success criteria (Wiliam, 2011). To do this, the teacher organizes their course
instruction around 10-15 learning outcomes per semester, which together define the
material to be mastered. These learning outcomes are then shared with students and
their parents so that they can be partners in the student’s educational progress. An
important characteristic of PARLO that distinguishes it from similar programs such as
Mastery Learning (Bloom, 1968) is the way it defines success criteria. In addition to
establishing criteria for “proficient” performance, teachers also share criteria for “high
performance.” Achieving high performance on a learning outcome is intended to chal-
lenge talented students, while potentially being achievable through hard work by nearly
all students. In practice, teachers in the current study used Webb’s Depth of Knowledge
(Webb, 2002) to define success criteria, with high-performance requiring students either
to solve problems at a greater depth of knowledge (application or strategic thinking), or
else to tutor a fellow student and successfully bring them from not-yet-proficient up to
proficient.

The second step in implementing PARLO employs the central idea of student-facing
formative assessment: eliciting evidence of learner’s achievement and providing feedback
that moves learning forward (Wiliam, 2011). PARLO teachers use short quizzes, end-of-
lesson written “exit tickets,” notes from observing students working in groups, and other
formative assessment techniques to provide students feedback about how well they are
progressing toward proficient or high performance on each learning outcome. Note that
other student-facing formative assessment programs like Assistments (Murphy et al.,
2020) implement this step. In future iterations of PARLO, teachers might use programs
like Assistments to support PARLO implementation.

The remaining two steps in implementing PARLO focus on changing the way teach-
ers assign summative grades. As will be explained in more detail below, the changes to
summative grading were the key features differentiating the Treatment from the Control
schools in the current study. These two steps are:

1. Reassessment for full credit after further learning. Student grades are not
averaged over the semester; instead, students are rated on each learning out-
come as not-yet-proficient, proficient, or high-performance based on the best
work they can show by the end of the semester. While students can reassess
for full credit, before reassessment they must first engage in further learning,
completing activities such as:
a. Error logs, wherein students explain what they did wrong on a problem,

rework it, and describe what they would need to remember so as not to
make the same mistake again.

b. Remediation plans, or contracts with students about activities to be
undertaken before reassessment.
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c. Flashback days, or in-class opportunities for students to work individu-
ally or together to revisit learning outcomes and learn material at profi-
cient or high-performance level.

2. Final Grades Based on Learning Outcomes. With project help, each school
developed its own algorithm to determine a letter grade based on the number
of Learning Outcomes scored Proficient and the number scored High
Performance. Other factors sometimes used to assign grades, such as attend-
ance, attitude, and homework completion, are not averaged as part of the
final grade. Instead, they are viewed as means to the end of understanding
course content.

At the time that we designed the intervention, a grading system with components like
the four we described above was commonly known as “proficiency-based”—hence the
name “PARLO.” However, terminology has since shifted, and PARLO-type grading sys-
tems have become known under the name standards-based grading (see, e.g., Marzano,
2010).

Theoretical Framework

We hypothesized that the PARLO system would positively impact student learning in
two ways: by providing additional time and opportunity for students to learn; and by
encouraging students’ motivation/desire to learn.

Opportunity to Learn
As noted above, traditional summative assessment systems encourage teachers to pro-
vide a limited amount of time for students to learn a topic and a limited number of
opportunities to demonstrate how much they have learned. In contrast, PARLO teachers
provide students with more opportunities to learn from their mistakes, improve, and be
reassessed to demonstrate their increased proficiency. Further, student persistence is
encouraged by giving them full credit for material learned, regardless of initial difficul-
ties they may have had.

Motivation
According to expectancy-value theory (Wigfield & Eccles, 2000), students’ motivation
and classroom engagement are largely determined by the degrees to which they both
value the material being taught and expect to succeed in class. Yet, studies have found
that students exposed to an assessment system designed to compare and rank students
report weaker feelings of intrinsic value (enjoyment of learning for its own sake), utility
value (the belief that learning is useful and will have purpose and relevance in one’s
life), and expectancies for success than those exposed to a system that provided students
with opportunities to improve their skills or to demonstrate that they have increased
their learning (Covington & Omelich, 1984; Haley, 2015; Sanchez et al., 2017), and that
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these effects may be especially pronounced among students from less advantaged back-
grounds (Jury et al., 2015; Smeding et al., 2013).

Additional Motivational Antecedents Addressed
This study was designed using concepts from the expectancy-value theory of motivation
(Wigfield & Eccles, 2000). Additionally, after we had collected our data and begun to
analyze it, we found concepts from three additional theories of motivation to be helpful
in understanding what the teachers told us in interviews: growth mindset theory
(Dweck, 2007), self-determination theory (Ryan & Deci, 2020), and achievement goal
theory (Senko, 2016). Growth mindset theory suggests that students show greater motiv-
ation, engagement, learning, and performance in school, especially in the face of diffi-
culty, if they believe that they can grow and improve their intelligence and academic
skills through hard work (a growth mindset), versus if they instead believe that their
ability levels are innate and unchangeable (a fixed mindset). Self-determination theory
suggests that students will be more internally motivated to engage with their schoolwork
when three needs are met: competence (roughly analogous to expectancies for success,
described above), autonomy (the feeling that they have opportunities to make meaning-
ful choices about their learning), and relatedness (the feeling that they are valued and
belong in class). Finally, achievement goal theory suggests that students experience
greater academic outcomes when they adopt mastery goals, i.e., engaging in schoolwork
either to learn as much as possible, or else to meet self-determined standards of success
in learning. As will be discussed below, each of these themes emerged in interviews with
teachers and open-ended survey responses from students who were exposed to
PARLO—a program that encouraged the capacity of students to improve their mathem-
atics abilities (i.e., growth mindsets and mastery goals), and provided students with
flexibility in how they could go about acquiring and demonstrating this improvement
(i.e., self-determination). Below, we refer to feelings, attitudes, beliefs, and goals that
contribute to student motivation and engagement as motivational antecedents.

Conceptual Model
Figure 1 displays our current conceptual model regarding how the PARLO system may
influence students’ academic experiences and learning. Because it was developed using
the still-to-be described results of the present work, we return to the complete model in
the Discussion section. For now, we wish to note the most important difference between
the PARLO Treatment and the Control group in the present work: the two white boxes
on the bottom left of the figure. Unlike the Control teachers, PARLO teachers were
trained and expected to reassess students for full credit after further learning, and to
base a student’s summative grade on the number of proficient and the number of high-
performance learning outcomes the student had mastered. The two gray boxes on the
top left—organizing instruction by learning outcomes and providing formative assess-
ment and feedback—are also necessary parts of the PARLO system and were imple-
mented by teachers in our study. However, these two PARLO components were popular
innovations already in place in the school districts where we conducted the study. Given
this environment, the project delivered professional development to teachers in the
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Control group to further assist them in implementing these two formative assessment-
related practices. We anticipated that PARLO teachers would be more likely than
Control teachers to implement the PARLO components displayed in the grayed-out
boxes, but only because implementing the bottom two components encouraged them to
do so. Thus, the current study tests the impact of experimentally adding the lower two
components of the PARLO standards-based grading system—reassessment for full credit
after further learning, and summative grades based on the number of proficient and the
number of high-performance learning outcomes—to classrooms that were already
endeavoring to implement the top two components.

We also note that the focus of the conceptual model, and of the current article, is on
changing teacher’s assessment practices. Specific inputs, such as software tools made
available to teachers and specific professional development provided, evolved over the
course of the project, and will likely be implemented differently in the future.
Consequently these “program inputs” are not displayed in the model. Our intent is to
generalize results to future implementations of standards-based grading that are similar
to PARLO. See our Conclusion section for ideas about possible future implementations.

Prior Research on Standards-Based Grading and PARLO

While numerous researchers have written about standard-based grading, published work
has focused on case studies of small-scale implementation in single classrooms or
schools (e.g., Farrington & Small, 2008). Consequently, researchers have decried the lack

Figure 1. Conceptual model.
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of studies evaluating the practice (Marzano, 2010; Scarlett, 2018). The current study
should help to fill that gap.

There have been two pilot studies of the PARLO system. First, Clymer and Wiliam
(2007) implemented PARLO for a full school year in a single eighth grade science class-
room. Average achievement on an end-of-class exam increased by 0.4 SD over the previ-
ous year’s scores. In addition, student interviews indicated that these positive effects on
performance may have emerged because students developed stronger growth mindsets.
Second, Posner (2011) taught two sections of an introductory undergraduate statistics
class for non-majors, nonrandomly employing PARLO in one section and traditional
grading in the other. He found that the PARLO group scored significantly higher than
the traditional grading group on measures of perceived intrinsic value, utility value,
expectations for success, and motivation in statistics.

The Current Study

While these initial results were promising, the studies described were only small pilots
that did not provide a randomized control-style investigation of the effects of the
PARLO assessment system. The present work describes the results of such an investiga-
tion. Specifically, we employed a mixed-methods, cluster randomized control approach
with school as the unit of analysis, to address the following two research questions:
What is the impact of the PARLO system on 9th grade students’ expectancies for success,
utility value, intrinsic value, long-term motivation, and academic performance in math-
ematics class? What are the mechanisms by which this impact occurs?

In addition, while not part of our a priori hypotheses, our examinations of the quali-
tative data unexpectedly revealed that the relationship between the PARLO system and
student motivation might be bi-directional: not only might PARLO improve student
motivation, but students with higher initial motivation might also benefit more from
the PARLO system. Consequently, we used our quantitative data to investigate an add-
itional research question: Is the impact of the PARLO system on student academic per-
formance moderated by established antecedents of student motivation—specifically,
students’ value of and expectancy for success in mathematics?

Method

This was a mixed-methods study, collecting qualitative and quantitative data throughout
program implementation. Our data analysis followed a sequential explanatory design,
performed in three phases. In the first phase, we conducted quantitative analyses to see
whether the PARLO system had its predicted effects on motivation and on student
achievement. In the second phase, we used qualitative data to look for explanations of
the results we found in phase 1. Our qualitative analysis began inductively, thus allowing
for the emergence of trends we did not hypothesize a priori. We summarized prelimin-
ary results as memos describing major themes observed and evidence for those themes.
We then reviewed the memos in light of the quantitative findings, looking for explana-
tions of those findings. The second phase yielded an unexpected result, indicating that
student motivation might be moderating the PARLO system’s effects on student
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achievement. Consequently, we conducted a third phase, investigating whether the
quantitative data we had collected could confirm the moderating effect.

Participants

We recruited urban, suburban, and rural schools; public, charter, and religious schools;
schools from high- and low-performing districts; and schools with a wide variety of
racial make-ups. In order to ensure reasonably high fidelity of implementation, we only
assigned a school to the project if both the administration and the ninth-grade mathem-
atics teachers agreed in advance that they would participate as assigned either in the
treatment or in the control condition, and would maintain participation regardless of
subsequent random assignment. All ninth-grade algebra and geometry teachers at each
school were asked to participate. Teachers received a stipend in exchange for their
participation.

We ultimately recruited two cohorts of schools: a cohort of 20 schools (14 public
schools, 3 charter schools, and 3 Catholic all-girl schools) that participated during the
2010–11 and 2011–12 school years; and a second cohort of 15 schools (14 public schools
from one large urban school district and 1 additional public school) that participated
during the 2011–12 and 2012–13 school years. Cohorts participated for two years (i.e.,
two separate ninth grade classes) because implementing PARLO required significant
changes to teachers’ instructional practices that we anticipated might take more than a
single year to take root.

Several schools dropped out of the study after randomization but before data collec-
tion was completed. The final sample of schools in the quantitative study included 14
PARLO and 15 control schools across both cohorts. One additional PARLO school pro-
vided qualitative data but dropped out before quantitative data collection could be com-
pleted. In all cases, school-level attrition was caused by a change in administration,
which is unlikely to be related to the treatment. The overall attrition rate was 17%, and
the differential attrition between treatment and control schools was 10.4%. At the stu-
dent level, the overall attrition rate was 16.9% and the differential attrition was 3.9%.
These rates are within acceptable standards when the intervention is unlikely to affect
attrition (USDOE, 2022). See Tables A1, A3, and A4 in the online appendix for details
about attrition.

Our Institutional Review Board (IRB) required active consent (i.e., parental opt-in)
before administering our quantitative measures during the 2010–11 school year—the
first implementation year for Cohort 1. However, many students failed to return a con-
sent form, creating a risk of self-selection and bias in the data. As a result, our external
reviewer and advisory board for this project determined that the quantitative data col-
lected in 2010–11 could not be used for valid analyses. With the approval of our IRB,
this issue was resolved beginning in the 2011–12 school year through the use of passive
consent (i.e., parental opt-out). Thus, our quantitative analyses focus on data collected
during academic years 2011–12 and 2012–13.

Across two years of data collection, 3,273 students completed algebra or geometry
pretests and had available demographic data for the analysis—1,936 in treatment schools
and 1,337 in control schools. Of these, 2,736 students provided complete quantitative
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data, including baseline motivation and motivational antecedent scores, race, gender,
and post-test scores, and thus were included in the analytic sample for our primary
quantitative analysis. Of the total 2,736 students, 1,649 were from the classes of 38
teachers at the 14 PARLO treatment schools, and 1,087 were from the classes of 27
teachers at the 15 control schools. Tables A5 and A6 in the online appendix compare
the demographic characteristics of treatment and control group students and teachers in
the analytic sample.

Random Assignment and Conditions

In June 2010, all ninth-grade algebra and geometry teachers at all Cohort 1 schools who
had agreed to participate attended three 6-hour days of professional development (PD)
in the summer. After teachers completed this PD, project staff then randomly assigned
participating schools either to the treatment or the control condition. Randomization
was done in three blocks: charter vs. Catholic vs. public. The following year, we ran-
domly assigned Cohort 2 schools to treatment or control conditions following a process
that was identical but for two exceptions: the PD before random assignment lasted only
two days, and blocking by school type was not necessary as all Cohort 2 schools were
public. Participating teachers were aware of their condition assignment. See the online
appendix for details about random assignment and for a depiction of the study timeline.

Control Condition
When this study was conducted, two formative assessment practices were coming into
widespread use, i.e., becoming business-as-usual for many teachers in local school dis-
tricts: sharing learning intentions and success criteria by organizing instruction around
learning outcomes tied to state standards; and using formative assessment strategies
such as providing frequent feedback. Both practices were necessary but not sufficient to
implement PARLO. In order to further focus the study on the unique aspects of
PARLO that were not already coming into popular use, before random assignment we
provided all participating teachers professional development supporting these two widely
used formative assessment practices. We had each teacher work with state standards for
their course to translate them into 10 to 15 learning outcomes each semester that would
be the focus of teaching in their classroom. We introduced Webb’s Depth of Knowledge
(Webb, 2002) to help them think about addressing each learning outcome at application
and strategic-thinking levels. We used ideas from Wiliam (2011) to teach techniques for
eliciting evidence from students and providing feedback to move their learning forward.
The initial professional development lasted three days for Cohort 1 and two days for
Cohort 2. Because the Control teachers were encouraged to implement the two aspects
of PARLO reflected in the gray boxes of Figure 1, the project often described the
Control schools as a “limited treatment condition,” to be contrasted with the “full treat-
ment condition” that implemented all four aspects of PARLO.

Control teachers did not participate in any project-related PD beyond the two or
three days that they participated in before randomization, and they were not obligated
to modify their instructional practices. In addition to administering the student content
exam and Attitudes Toward Mathematics Inventory described below, control teachers
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completed questionnaire measures of the extent to which they used various practices in
their teaching.

PARLO Treatment Condition
Teachers in treatment schools participated in three training opportunities not offered to
control teachers. First, in August prior to first implementing the PARLO system in their
classrooms, they attended three (for Cohort 1) or four (for Cohort 2) additional six-
hour days of PD. Second, during the two years of project participation, they were given
the opportunity to participate in monthly Professional Learning Community (PLC)
meetings. The PLC meetings were held at five different locations and facilitated by
teacher leaders who were mathematics content and PARLO experts. Third, they
attended two six-hour days of follow-up PD during the summer between their two years
of PARLO participation. Total participation time for treatment teachers in PD and PLC
meetings amounted to about 88 hours over the two years. Seventy-nine percent of the
treatment teachers attended 70% or more of the PD available to them.

The PARLO-specific PD focused on the two distinguishing characteristics of the
PARLO standards-based grading system: 1) Reassessment for full credit after further
learning; and 2) Basing a student’s semester grade on their number of proficient and
number of high-performance learning outcomes. Treatment teachers were provided with
a project-developed software tool, PARLO Tracker, and trained in how to use it.
Teachers could enter into Tracker the learning outcomes they had developed and enter
evidence collected, including assessments and reassessments, about each student’s pro-
gress on each learning outcome. Students and parents could access Tracker online to
track student progress. (Tracker was developed with user input and became available at
the beginning of the second year of the project, which is the first year that quantitative
data used in the current study was collected. Use was optional, and when surveyed dur-
ing Year 3 of the project, 16 of 25 PARLO teachers (64%) reported using Tracker regu-
larly.) Additional topics covered in the professional development included: creating
scoring rubrics for learning outcomes and sharing them with students; helping students
track their proficiency; teaching students what to do when they are not yet proficient;
requiring proof of new learning before reassessment, including use of tools like error
logs and remediation plans; scoring proficiency in learning outcomes based on the best
evidence to date instead of traditional methods like averaging scores; and converting
learning outcome scores into semester grades. PARLO teachers were responsible for
developing their own learning outcomes based on state standards, developing their own
methods for informing students about the PARLO system and grading scheme, estab-
lishing their own classroom procedures, and deciding on their own means of collecting
assessment and/or reassessment evidence. However, through PLCs they were able to
share ideas and support each other in developing routines, assessments, and so on.

Quantitative Measures

Implementation Measures
In the spring of 2012, we administered a 7-item measure to Treatment and Control
teachers, investigating whether they implemented key aspects of the PARLO system. In
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the spring of 2013 we administered an additional survey to PARLO teachers only, inves-
tigating in more detail to what extent they had implemented the PARLO system. See
the online appendix section Implementation: Additional Details for a detailed description
of the measures.

Algebra and Geometry Content Exams
The state where we conducted our research had recently adopted content standards for
both geometry and algebra based on the Common Core State Standards for
Mathematics (National Governors Association Center for Best Practices & Council of
Chief State School Officers, 2010), but had not yet implemented an end-of-course test of
the material. Consequently, we created a test to mimic as closely as possible a state-
designed test of its published content standards. To do so, we administered (with per-
mission) an adapted version of the Virginia Standards of Learning multiple choice
Algebra and Geometry Tests. For each course (algebra or geometry), we selected items
from the Virginia test that addressed our state’s standards. Then, for any standards not
covered, we added items adapted from textbook sources or from released items from
older assessments in our participating state. In each participating classroom, we admin-
istered the appropriate content exam as both a pretest during the first five days of the
school year (Algebra: M¼ 34.2%, SD¼ 11.0%, Cronbach’s a ¼ 0.72; Geometry:
M¼ 36.0%, SD¼ 11.3%, a ¼ 0.75) and, with items in a different order, during the last
month of the school year (Algebra: M¼ 46.9%, SD¼ 17.5%, a ¼ 0.90; Geometry:
M¼ 49.7%, SD¼ 14.9%, a ¼ 0.94). Following suggestions by May et al. (2009) for com-
bining differing tests into a single measure, we used a linear transformation to standard-
ize the pretests within each subject area (algebra or geometry) to have a mean of 0 and
a standard deviation of 1, and then combined the two sets of scores to create a single
measure. We did the same for post-test scores. See the online appendix for the complete
tests used and technical details about computing student scores.

Motivation and Motivational Antecedents Measures
We assessed concepts from the expectancy-value theory of motivation using the
Attitudes Toward Mathematics Inventory (ATMI; Tapia & Marsh, 2004). The four
ATMI subscales are described below. In each participating classroom, we collected base-
line scores on the four ATMI subscales during the first five days of the school year, and
we collected outcome data on the same subscales during the last month of the school
year. Students responded to all of the subscales using a 5-point scale (1 ¼ “strongly dis-
agree”; 5 ¼ “strongly agree”). See the online appendix for the full set of items from the
ATMI and technical details about computing student scores.

Perceived Intrinsic Value of Mathematics. The extent to which students saw mathemat-
ics as having intrinsic value was assessed using the ATMI’s 10-item “enjoyment” sub-
scale. Items included “I have usually enjoyed studying mathematics in school” (baseline:
M¼ 3.27; SD¼ 0.88, a ¼ 0.89; outcome measure: M¼ 3.08; SD¼ 0.86, a ¼ 0.89).
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Perceived Utility Value of Mathematics. The extent to which students saw mathematics
as having utility value was assessed using the ATMI’s 10-item “value” subscale. Items
included “I can think of many ways that I use math outside of school” (baseline:
M¼ 3.73; SD¼ 0.67, a ¼ 0.86; outcome measure: M¼ 3.54; SD¼ 0.74, a ¼ 0.87).

Expectancies for Success in Mathematics. The strength of students’ expectancies for
success in mathematics was assessed using the ATMI’s 15-item “self-confidence” sub-
scale. Items included “I believe I am good at solving math problems” (baseline:
M¼ 3.45; SD¼ 0.77, a ¼ 0.79; outcome measure: M¼ 3.31; SD¼ 0.83, a ¼ 0.81).

Long-Term Motivation to Engage with Mathematics. The ATMI’s 5-item “motivation”
subscale assessed the degree to which students enjoyed the challenge of mathematics
and planned to pursue the subject over the long term. Items included “I plan to take as
much mathematics as I can during my education” (baseline: M¼ 3.21; SD¼ 0.79, a ¼
0.79; outcome measure: M¼ 3.10; SD¼ 0.85, a ¼ 0.81).

Student-Level Covariates
We coded each student’s race and gender based on information provided by the school
or, when school-provided data were not available, based on a self-report survey adminis-
tered simultaneously with the ATMI. A preliminary analysis using Akaike’s Information
Criterion (AIC; Akaike, 2011) indicated that the most informative way to operationalize
“race” was to create a dichotomous variable, with “1” indicating the student was identi-
fied as White (51%) or Asian (4%), and 0 indicating that the student was identified as
Black (30%), Hispanic (8%) or Multiracial/other (7%).

School-Level Covariates
We obtained from state databases the schoolwide percent low-income students enrolled
in the academic year 2010–11, the first year of PARLO implementation for the study.
We also aggregated student-level covariates (race, gender, and content pretest and base-
line motivation-related scores) to the school level as potential additional covariates to
control for in our analysis.

Qualitative Data

Qualitative data were collected throughout the three operational years of the project.
The qualitative data sources used for this paper included 84 PARLO teacher interviews
and an open-ended survey of 678 students from a nonrandom sample of 6 of the 14
PARLO treatment schools.

Teacher Interviews
During the first year of participation for Cohort 1 and Cohort 2, PARLO teachers were
randomly selected to be interviewed; however, if a teacher was the only participant at
their school, they were automatically selected to be interviewed. During the 2011–12
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school year, the 13 Cohort 1 teachers who were interviewed were the same teachers who
were interviewed the previous year. During the 2012–13 school year, all 25 remaining
participating teachers were interviewed. Interviews were conducted in the fall and spring
of each year, and some teachers were interviewed twice during the same year. Over the
three years of the study, 11 teachers were interviewed once, 8 were interviewed twice, 7
were interviewed three times, and 9 were interviewed four times. Overall, 35 teachers at
15 schools participated in 84 interviews.

Interview data for the current article was drawn primarily from questions that
addressed how PARLO affected students—for example, “Does student engagement ‘look’
different? By that, I mean are students interacting with math, with you, with each other
differently under PARLO?” See the online appendix for detailed interview questions.
Interviews were semi-structured, permitting teachers to expound upon questions that
warranted further elaboration. With few exceptions, interviews were conducted follow-
ing a lesson observation, either during teachers’ preparatory or lunch periods, or, rarely,
after school. Interviews lasted about 25 to 35minutes and were audio recorded with the
teacher’s permission. Every interviewee agreed to be recorded. Each interview was tran-
scribed, then entered into NVivo software for analysis.

Student Survey
During the 2011–12 school year, six of the treatment schools agreed to have their stu-
dents complete an open-ended online 8-question survey (e.g., “How would you describe
PARLO to next year’s ninth grade students?”) A total of 678 students completed the
survey. See the online appendix for the full list of questions asked on the student
survey.

Data Analysis

Quantitative Analyses
We conducted all statistical analyses using the lmer command from the lmerTest pack-
age of the R programming language (Kuznetsova et al., 2017). We used Restricted
Maximum Likelihood (REML) to test all research questions, but as recommended by
Zuur et al. (2009), we used maximum likelihood in preliminary analyses that employed
AIC (Akaike, 2011) to choose variance components and covariates, or that used log like-
lihood to evaluate heteroscedasticity. We calculated degrees of freedom for statistical
tests using Satterthwaite’s approximation (Satterthwaite, 1946).

Our data set identified each student by course (geometry vs. algebra), teacher, school,
and study year. Consequently, the data were structured as a five-level hierarchical linear
model: students within course within study-year within teachers within schools. We
used AIC to choose the most appropriate variance structure for our analysis, using stu-
dents’ mathematics content post-test as our dependent variable. This analysis indicated
that after entering variance components for school and for course-within-year-within-
teacher, adding additional variance components for year-within-teacher or teacher-
within-school reduced the efficiency of the model. We therefore used the following
three-level variance structure in our analyses: “student,” within “course-within-study-
year-within-teacher,” within “school.”
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Our first quantitative analysis investigated the main effects of PARLO using mathem-
atics content post-test scores as the dependent variable. We used AIC to select covari-
ates for our model, choosing the following set: school level percent low-income students
in 2011; a dichotomous indicator identifying students enrolled in geometry; a dichotom-
ous variable indicating female sex; a dichotomous variable indicating White or Asian
race (vs. Black, Hispanic, or multiracial/other); students’ baseline expectancy score; lin-
ear and quadratic terms for the pretest; and interactions between the geometry indicator
and the linear and quadratic pretest variables. We also included indicators to ensure
that students were compared to other students in the same study-year and in the same
blocking group used for random assignments. The reference group was Cohort 1 public
school students. Other groups were: Catholic school students; Charter School students;
Cohort 2 Public school students tested in 2010–11; and Cohort 2 public school students
tested in 2011–12. All non-dichotomous student level variables were centered around
the student mean, and percent low-income was centered around the mean of the school
means.

Our second quantitative analysis investigated the main effects of PARLO on the four
motivation-related subscales obtained by the ATMI. We used the same covariates that
we used the first analysis, with the following exceptions: we used scores for all four
motivation and antecedent subscales, whereas previously only expectancy scores were
used. We also removed the quadratic term for the pretest and its interaction with the
geometry indicator. See the online appendix for further details about how we selected
covariates to use in each of our models.

Our two main-effects analyses used two approaches to account for missing data. First,
we used Full Information Maximum Likelihood (FIML; Allison, 2012), an approach
that, like multiple imputation, minimizes bias due to missingness. However, because it
is difficult to analyze interactions between treatment and student-level covariates using
FIML, and because these interactions were important in addressing for whom the
PARLO system might be effective, we also ran the analyses using listwise deletion. The
main effects estimated by the two analyses were very similar; consequently, we report
detailed results of the listwise deletion analysis here. See Tables A10 and A12 of the
online appendix for details of the FIML analysis.

Our third quantitative analysis, unlike the first two, was not pre-planned. We con-
ducted the analysis to see whether we could corroborate an unanticipated finding from
our qualitative data: According to teacher interviews, student motivation moderated
PARLO’s impact, such that more highly motivated students benefited more from the
PARLO program (see Results for details). We therefore used interaction terms to inves-
tigate how our four motivation-related quantitative variables moderated PARLO’s
impact on mathematics content post-test scores.

Note that for each of the four measures of motivation, we had two observations per
student: a score from the first week of the school year, and a score from the last month.
Because motivation can change throughout the school year, our preferred approach to
measuring motivation across the year would be to average the baseline and end-of-year
scores together. We note that end-of-year motivation scores might be endogenous,
which can make interpretations of some models confusing or bias results under certain
circumstances. However, there is preliminary evidence (based on Monte Carlo results)

JOURNAL OF RESEARCH ON EDUCATIONAL EFFECTIVENESS 15

https://doi.org/10.1080/19345747.2023.2287594
https://doi.org/10.1080/19345747.2023.2287594


that if x is an endogenous variable and w is an exogenous variable, the coefficient of the
interaction term xw (i.e. the moderator effect) will be consistently estimated as long as
w is binary and x is homoscedastic conditional on the other variables in the model
(Bun & Harrison, 2018). PARLO treatment was a binary variable, and all four motiv-
ation variables were homoscedastic, so we could safely analyze the interactions using the
averaged baseline-and-end-of-year scores. These moderation analyses used the same
covariates we had used when testing the main effects of PARLO on mathematics post-
test scores, except that instead of using the baseline confidence score as a covariate, we
included the main effect for each moderator being tested. As a sensitivity check, we also
re-ran the moderation analysis using baseline scores instead of year-average scores for
all four motivation-related moderators. See the online appendix for details.

As recommended by the What Works Clearinghouse Procedures Handbook (USDOE,
2020), whenever we used multiple statistical tests to address a single issue we used the
Benjamini-Hochberg (BH) correction to account for multiple comparisons. The BH pro-
cedure controls the false discovery rate for multiple comparisons, ensuring that the
expected proportion of falsely identified statistically significant results equals the
intended alpha, in this case 5%.

Qualitative Analyses
At the conclusion of teachers’ participation in the study (June 2013), two qualitative
researchers began coding three years’ worth of interview transcripts. To enhance repro-
ducibility, the researchers established a coding scheme using a procedure similar to the
three-stage process outlined by Campbell et al. (2013). In the first stage, each researcher
read the same three interview transcripts, jotting notes in the margins to identify pos-
sible broad themes. Once themes were identified, the researchers met to compare notes
and look for agreement or disagreement. If there was a lack of consensus, they discussed
why they had coded the text under a particular theme, until agreement was reached that
either only one of their themes was accurate, or that both of their themes were accurate.
In the latter instances, the text was double coded. At the end of this process, 17 broad
themes were identified.

In the second stage, the remaining transcripts were divided, and each researcher
coded half of the interview transcripts. In the third stage, each researcher assumed
responsibility for the analyses of a defined set of themes. The researchers then prepared
memos by theme and study year, with each memo summarizing major evidence for the
existence of that theme in the interviews conducted that year. Initial analysis of the stu-
dent survey followed a similar process, with an additional analysis that identified key
words or phrases that appeared frequently in students’ responses to survey prompts.

To produce the findings described in this article, a third researcher read all three
years’ worth of memos to both identify any claims that addressed how or why the
PARLO system affected students’ motivational antecedents, motivation, or academic per-
formance, and to summarize evidence supporting those claims. Finally, for claims that
were supported by numerous teachers’ interviews, the research team made a final pass
through all 84 transcribed interviews to quantify how many teachers supported that par-
ticular claim.
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Results

PARLO Implementation

All PARLO teachers interviewed indicated they had implemented the new system, allow-
ing reassessment for full credit and basing final grades on the number of proficient
learning outcomes and the number of high-performance learning outcomes. In practice,
most teachers rated individual assignments using a “traffic light” system: Red (not yet
proficient), Yellow (approaching proficient), Green (proficient), or Blue (high perform-
ance; available only for high cognitive demand tasks). In interviews, teachers confirmed
that learning outcome grades were developed by teacher judgments based on cumulative
evidence, with more recent evidence weighted most heavily. Most PARLO teachers also
required proof of learning before reassessment. In an online questionnaire administered
to the 25 PARLO teachers participating during the 2012–13 school year, 88% reported
using resubmission/correction of work, error logs, remediation plans, and/or flashback
days at least “fairly often.”

When surveyed in the spring of 2012, PARLO teachers were significantly more likely
than Control teachers to agree that they planned to utilize “a ‘high performance’,
‘proficient’, or ‘not yet proficient’ assessment system” (76% vs. 22% agreement) and use
“the traffic light system to monitor student progress” (50% vs. 15% agreement). Both
these contrasts were statistically significant after using the BH adjustment to control for
a false discovery rate of 5%.

Two additional differences between groups were significant after controlling for a
false discovery rate of 10%, but not 5%. First, PARLO teachers were somewhat more
likely to implement “holding students accountable for learning outcomes” (94% vs.
74%) and somewhat more likely to implement “collecting evidence of student learning”
(88% vs. 67%). Both Treatment and Control groups indicated they were highly likely to
implement “using formative assessment strategies in your classrooms”: 91% for PARLO
teachers and 93% for Control teachers. See the online appendix for additional details
about the implementation measures and their results.

Overall, the above data indicate that the contrast between the PARLO teachers and
Control teachers appears to have been as intended. A large majority of both groups
implemented the PARLO characteristics depicted in the gray boxes of Figure 1, although
there is evidence that the PARLO group may have implemented learning outcomes
more extensively. The PARLO teachers were much more likely than Control teachers to
base a student’s grades on the number of proficient and number of advanced learning
outcomes. While we do not have statistics on the percentage of Control teachers who
gave students the opportunity to reassess for full credit after additional learning, all
PARLO teachers interviewed indicated that they had adopted this practice.

PARLO’s Impact on Quantitative Measures of Mathematics Performance

Main Effects: Did PARLO Increase Mathematics Performance?
Table 1 summarizes the PARLO treatment’s main effects on student mathematics learn-
ing. Recall that students’ mathematics content test scores were standardized, so that
within each subject area (algebra or geometry), the post-tests had a mean of 0 and a
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standard deviation of 1. Consequently, the results reported in Table 1 can be interpreted
as effect sizes in standard deviation units. After controlling for random-assignment
grouping, students’ pretest scores, schoolwide percent low-income, geometry vs. algebra
class, race, sex, and baseline expectancy for success, students in the PARLO system
scored 0.33 SD higher than students in the control group on the project-administered
end-of-course tests (p¼ 0.014).

Using post-test standard deviation as the denominator and combining Treatment
with Control groups, Geometry students gained approximately 0.91 standard deviations
and Algebra students gained approximately 0.73 standard deviations from our pretest to
our post-test. Thus, an impact of 0.33 SD might be thought of as roughly equivalent to
about 36% (for Geometry students) to 45% (for Algebra students) of a year’s learning.

Interaction Effects: For Whom Did Academic Performance Increase?
We investigated interactions between the PARLO program and each of the student level
covariates in our model to determine whether baseline student characteristics moderated
the effects of the PARLO system on mathematics content learning. There were no statis-
tically significant interactions. In other words, students benefited from the PARLO sys-
tem regardless of their course enrollment (geometry or algebra), their content pretest
scores, their baseline expectancies for success in mathematics, their race, or their gender.
See the online appendix for complete details regarding these analyses.

Table 1. PARLO treatment main effect on mathematics achievement.
Estimate Standard Error Degrees of Freedom p-value

School Level Fixed Effects
Intercept −0.66 0.12 20 <.0001
Catholic Girls’ School 0.30 0.22 21 .18
Charter School −0.05 0.29 33 .86
Cohort 2 Public School, 2011-2012 school year 0.23 0.15 14 .14
Cohort 2 Public School, 2012-2013 school year 0.34 0.15 14 .035
Proportion Disadvantaged −0.53 0.23 12 .039
PARLO Treatment 0.33 0.12 14 .014
Course Level Fixed Effects
Geometry Student 0.20 0.16 50 .23
Student Level Fixed Effects
Baseline Expectancy of Success 0.20 0.02 2,687 <.0001
White or Asian 0.15 0.04 2,654 <.0001
Female 0.10 0.03 2,672 .0005
Pretest 0.26 0.02 2,710 <.0001
Pretest-squared 0.04 0.01 2,673 .0028
Geometry X Pretest 0.20 0.05 2,720 .0002
Geometry X Pretest-squared −0.02 0.03 2,700 0.54

Random Effects N Variance

School 29 0.03
Course x Teacher x Year 85 0.14
Residual 2,736 0.53

Notes: This analysis utilized data from 2,736 students, 65 teachers, and 29 schools. “Mathematics Achievement” was
defined as the Algebra post-test z-score for algebra students and the Geometry post-test z-score for geometry students.
All non-dichotomous variables are grand mean centered. The reference group for the blocking variables was Cohort 1
Public School students who participated during the 2011-12 school year. The intercept represents the post-test score for
students at average values for pretest, expectancy of success, and school-level proportion disadvantaged and in the ref-
erence group for all dichotomous variables (i.e. in the Cohort 1 Public School randomization block; in a control school,
taking algebra, not White/Asian, and not Female).
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PARLO’s Impact on Quantitative Measures of Students’ Mathematics Motivation

Main Effects: Did PARLO Impact Motivation?
Table 2 summarizes the PARLO treatment’s main effects on students’ self-reported
intrinsic value, utility value, expectancies for success, and long-term motivation to
engage with mathematics. (See Table A11 of the online appendix for more detailed
information including covariate coefficients and variance components.) As can be seen
in the table, the PARLO system had substantively small and statistically non-significant
effects on post-test measures of the four constructs, with effects ranging from −0.08 to
−0.02 on a 5-point scale.

Interaction Effects: Were There Any Subgroups for Whom Average Motivation
Changed?
While there were no main effects of treatment on any of the motivation related meas-
ures, it seemed possible that one or more subgroups of students might have been
impacted. We investigated this possibility by testing whether any of our four measures
were impacted by interactions between treatment condition and each of our student
level covariates: gender, race, geometry vs. algebra class, and baseline expectancies,
intrinsic value, utility value, long-term motivation, and mathematics content test scores.
After using the Benjamini-Hochberg (BH) procedure to control for multiple compari-
sons, none of the interactions were significant. (See the online appendix for additional
details.) Thus, we found no quantitative evidence that the PARLO system affected the
intrinsic value, utility value, expectancies for success, or long-term motivation of any
student subgroup.

Mechanisms Leading to PARLO’s Positive Impact on Mathematics Performance

Opportunities to Learn
We had hypothesized that PARLO would improve student achievement partly by
improving opportunities to learn. Teacher interviews provided detail about how
increased opportunities may have operated.

Table 2. Effects of PARLO treatment on students’ motivational antecedents and long-term motiv-
ation in math class.

Dependent Variable (Subscale)
PARLO effect
Estimate

Standard
Error df

95% conf.
interval p-value

Effect size
in SD units

Intrinsic Value −0.06 0.06 15 (−0.18, þ0.06) .31 −0.07
Utility Value −0.02 0.05 14 (−0.12, þ0.07) .60 −0.03
Expectancy −0.06 0.04 51 (−0.15, þ0.02) .14 −0.08
Long-term Motivation −0.08 0.06 19 (−0.21, þ0.05) .23 −0.09
Notes: This analysis utilized data from 2,698 students, 65 teachers, and 29 schools. Dependent variables are measured
on a 1-5 Likert scale. df ¼ degrees of freedom. Standard deviations for the dependent variables were as follows:
Intrinsic Value: 0.86; Utility value: 0.74; Expectancies for success: 0.83; Long-term motivation: 0.85. Reported results con-
trolled for the following covariates: Assignment block for randomization; School-level proportion disadvantaged; course
assignment (geometry or algebra), student-level gender, race, pretest, and baseline score on all four subscales of the
ATMI.
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Reassessment Opportunities. The central feature of PARLO is encouraging students to
re-study and reassess to achieve proficiency or high performance on each learning out-
come, and a recurring theme—emerging among 89% of teachers interviewed (31/35)—
was that teachers felt this central feature of PARLO led directly to better student learn-
ing of mathematics content. Specifically, teachers reported that reassessment opportuni-
ties were useful to students of all ability levels. Regarding struggling students, teachers
made comments like the following:

… some of the students that have typically struggled in math are able to see how their
hard work pays off… I think it’s something that they have not had before, because if they
struggled on a test, even if they came in and got help, that test grade still remained, and
they weren’t able to demonstrate their understanding. (Teacher #31)

Teachers noted that high achievers also benefited, specifically from opportunities to
reassess for high performance. For example:

The kids that really, really want to learn it will do anything that they can to achieve that
high performance. In the traditional class, they’ve got that one shot to master it, and they
can’t revisit it. So, they can’t ever get to that achievement. They can’t push themselves to
reach that next level. It’s either one or none. [With] the PARLO, they can go back and
push themselves to get it. (Teacher # 32)

Clearer Focus on Learning. Sixty percent of teachers interviewed (21/35) also noted
that providing feedback and reassessment opportunities for each learning outcome
helped students focus their learning efforts fruitfully, asking better questions and show-
ing better understanding of what they needed to work on—for example:

They’re coming to me with better questions. They’re not just coming to me and saying,
“What can I do?” They come in knowing where they need to focus, knowing what they
need to work on. (Teacher #15)

Peer Interactions. Although the interviews did not explicitly ask about student peer sup-
port, 49% of teachers interviewed (17/35) brought up peer collaboration under PARLO
as one contributor to better student learning—for example:

They tend to actually be getting involved more with other students, because… they also
recognize quickly that in teaching others, they’re getting a better understanding themselves
because now they can present it and defend. (Teacher #6)

Revisiting Topics. Thirty-one percent of teachers interviewed (11/35) noted the peda-
gogical value of allowing students to revisit topics over time—for example:

One big thing is that PARLO allows me time to come back and go over things that we
already covered… And by going over the learning outcomes… I see students that have
gaps in their learning. Like, one student, she was truant in February and March, but she is
a very high-level student, so now I see her learning all of that stuff and connecting the dots
between our most recent learning outcomes and stuff that we learned three months ago.
And also, just kids filling in the gaps in their own learning as we go through it. “Oh, I
remember this” or “I forget how we do this” and then re-remembering it… I noticed that
they’re getting it very easily now the second time around. (Teacher #23)
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Increased Engagement
While our quantitative analysis did not detect any program impact on motivation,
teacher interviews indicated that student engagement, which is often associated with
motivation, did increase. Eighty percent of teachers (28/35) interviewed said that under
PARLO, their students were more likely to participate in discussions about content with
both the teacher and their fellow students. The same percent of teachers said that stu-
dents were more likely to ask questions when concepts were not well understood.

When asked to describe “successes” under the PARLO program, 63% of teachers (22/
35) reported increased student persistence in the face of initial difficulty, increased own-
ership of the learning process, and increased responsibility—for example:

Students are taking ownership in what they are learning… They are learning how to
organize and keep up with it, each marking period they are getting better at it.
(Teacher #15)

Earlier this year, the K-8 math coordinator visited my classroom, to follow up on some of
her students from last year. After class she said to me, “Was that Rachel [pseudonym] In
the front row, with her head up?” I said, “Yes.” And the coordinator said she could not
believe it was the same girl because last year, Rachel, when she came to class, sat in the
back of the classroom with her head on her desk. This year, Rachel told me during one-
on-one conference that she wants high performance on every Outcome. And she’s always
asking for more and more tests. She’s also begging me to teach her next year as she wants
to stay in a PARLO classroom. (Teacher #4)

Examining Potential Reasons behind PARLO’s Non-Significant Effects on
Quantitative Measures of Student Motivation

Posner’s (2011) pilot study of the PARLO system found positive effects on intrinsic
value, utility value, expectancy for success, and motivation in college statistics. In con-
trast, the current study found no effects of PARLO on the motivation-related constructs
we measured. Our qualitative analysis investigated why this might have occurred.

Decreased Engagement for Some Students
Despite teachers’ reports that under PARLO overall engagement increased, a minority of
teachers expressed concern that the PARLO system might interfere with some students’
engagement. They identified two potential problems, which we labeled “contentment”
and “procrastination.”

Contentment. Twenty-nine percent of teachers interviewed (10/35), indicated that
PARLO might discourage some students from doing their best. Specifically, they noted
that some students seemed content with proficient performance and reluctant to try
high cognitive demand problems in order to achieve high performance—for example:

What I stopped doing was marking the problems with [an] asterisk if it were blue [high
performance], because students that are not that motivated would just choose not to do
those… (Now) they don’t know if it’s green [proficient] or blue [high performance] until
we get the assessments back. (Teacher #28)
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Procrastination. Twenty-six percent of teachers interviewed (9/35) indicated that the
PARLO system might encourage some students to put off studying under the assump-
tion that if they did poorly at first, they could always reassess later—for example:

As far as kids that don’t take advantage, we have so many. They’re the kids that aren’t
motivated… John [pseudonym] has gotten to the point where he pretty much hands in
tests with nothing on them. And I think that he does subconsciously think, “Oh, I can
reassess,” but he doesn’t follow through. (Teacher #36)

Potential Net Zero Impact on Expectancies for Success
Re-assessment opportunities under PARLO appeared to increase students’ expectancies
for success, but this positive effect was perhaps balanced by a negative effect on expect-
ancies caused by student uncertainties about their final grades.

Positive Effects of Re-Assessment Opportunities. In 2011–12, 678 PARLO students com-
pleted an open-ended survey about their experiences with the new assessment system.
When asked “What do you like about PARLO?” the most common word or phrase stu-
dents mentioned was “retake” (N¼ 90), followed by “make up” (N¼ 52) and “another
chance” (N¼ 48). Students made comments like, “It gives you the chance to retake tests,
quizzes, or homework. You can work at your own pace without having to rush to learn
something new,” and “I think PARLO is very good for math students struggling.”

Negative Effects of Uncertainties about Final Grades. When asked, “What do you not
like about PARLO?” 41% of students (277/678) indicated that they felt they never knew
their exact grade until report card time or the end of the year, which they found confus-
ing. When asked, “How would you describe PARLO to next year’s ninth grade
students?,” the single most commonly mentioned word was “confusing,” mentioned by
73 of the 678 students interviewed. Even students who found the system helpful com-
plained about uncertainty in grading, making comments like, “PARLO is very helpful.
You can always bring your grade up. However, one downer is that you never know
what your grade is until report cards arrive.”

No Detected Impact on Intrinsic Value and Utility Value
As noted in our methods section, the first step in our qualitative analysis was inductive,
identifying major themes that emerged from the data. Changes in students’ intrinsic
value for mathematics or changes in students’ beliefs about mathematics utility value
did not emerge as themes. Unlike student expectancies for success, which seemed to
have a balance of positive and negative impacts, we found no evidence that the PARLO
system had either a positive or a negative impact on students’ valuing of mathematics.

Unmeasured Motivational Constructs
A majority of the teachers interviewed (24 out of 35, or 69%) indicated that students’
experiences with PARLO enhanced their motivation. The discrepancy between this find-
ing and our quantitative results (i.e., no program effect on motivational antecedents or
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long-term motivation) may have occurred because, by “motivation,” teachers were refer-
ring to constructs we did not measure quantitatively.

Mastery Goals. Of the 35 teachers interviewed, 24 (69%) indicated that students’ experi-
ences with PARLO promoted the adoption of mastery goals. For example:

… last year all they were concerned about were points and grades. This year they are
talking about math more than my students last year. They know their content.
(Teacher #26)

Growth Mindsets. Of the 35 teachers interviewed, 20 (57%) also reported that, under
PARLO, students were more likely to adopt a growth mindset—for example:

They are finally, really understanding that knowledge is gained and built over time, you
don’t just know something, you don’t just get something and that’s it. You have to work at
it, and if you want to keep it you have to continue to work at it. (Teacher #24)

I think their work ethic is better. They realize they need to keep on top of stuff, keep
working. If you fail one thing, don’t just say, ‘Oh, it’s over.’ It’s not over! You can still
learn stuff. (Teacher #1)

Autonomy. A smaller but still substantial number of teachers (34%; 12/35) described a
different mechanism by which PARLO increased motivation: that under PARLO, some
students felt that they had autonomy and could control their own mathematics destinies
(Ryan & Deci, 2020)—for example:

They have the ownership of their grade now. It’s no longer “What can he give me?” So, the
ball is in her court now. It’s no longer, “You failed me, or you gave me this grade.” They
talk about getting their grade up to where they want it to be. (Teacher #16)

It should be noted, however, that some teachers highlighted one characteristic of the
PARLO assessment system that caused some students to perceive decreased autonomy:
Under PARLO, a student’s grades are based solely on evidence of content understand-
ing. Compliance measures like homework completion and attendance no longer count
toward grades. Some students expressed concern that they could control their compli-
ance, but not necessarily ensure their learning.

Relatedness. Finally, PARLO may also have helped meet students’ needs for related-
ness (Ryan & Deci, 2020). As noted above, teachers reported that increased peer sup-
port was one of the reasons that mathematics performance improved under PARLO.
This increased peer support may have been effective because it improved students’
sense of relatedness. For example, a teacher described classmates’ response to a
PARLO student coming up to the chalkboard to demonstrate proficiency on a learn-
ing outcome:

They were still supportive…And they’re like, “Come on, Jenny (pseudonym), you can do
it! You just have a few more steps to go! You’re almost there!” Never did they yell out,
“Hey stupid, wrong step…” They’re using the language [of PARLO]. (Teacher # 4)
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The Emergence of Student Motivation as a Potential Moderator of PARLO’s
Impact

We turn now to an unexpected finding that emerged from our qualitative analysis. We
had theorized that the PARLO system might improve students’ math motivation. In
contrast, teacher interviews suggested that the converse might also be true: higher stu-
dent motivation might improve the effectiveness of the PARLO system.

Why did some students respond to the PARLO system with active and enthusiastic
engagement, whereas other students responded with apathy and work avoidance? As
illustrated in the quote from Teacher #36 in our discussion (above) of procrastination,
teachers attributed the different student behaviors to differences in student motivation.
In fact, 71% of teachers (25/35) noted that “motivation,” “caring,” “willingness” or a
similar concept was important in determining the effectiveness of PARLO, making com-
ments like the following:

Motivation is huge. And if the kids don’t have the motivation, then who cares if they can
take a test? They don’t care. (Teacher #2)

The thing I really like about PARLO is the kids that are willing to work and seem to
actually care, are the ones who really seem to benefit from it. (Teacher #9)

Quantitative Verification of Motivation as a Moderator of PARLO Impact
As noted in our Methods section, when we designed this study we did not plan to con-
duct a quantitative analysis to see whether student motivation might moderate the
PARLO treatment’s effect on student mathematics learning: However, after the qualita-
tive data indicated that this might be the case, we conducted a quantitative analysis to
see whether we could corroborate the unanticipated qualitative finding. If student
motivation did moderate treatment effects on student achievement, we would expect to
see a positive interaction between PARLO treatment and each of our three measured
psychological antecedents of motivation, as well as between PARLO and our measure of
long-term motivation. Table 3 summarizes the results of the analysis.

As can be seen in the table, all four interactions were positive and three of the four
were statistically significant. To interpret the table substantively, the positive impact of
PARLO on the end of the year mathematics content score increased by 0.09, 0.11, 0.13,
and 0.07 SD for each 1-point increase on the 5-point measure of intrinsic value, utility
value, expectancies, and long-term motivation, respectively. Thus, PARLO’s impact on
individual students’ mathematics achievement was positively affected by their levels of
motivation in mathematics.

We used the BH adjustment for multiple comparisons to account for the fact that
Table 3 employs four statistical tests. The BH procedure confirmed the statistical signifi-
cance of intrinsic value, utility value, and expectancies for success as moderators. Note
that the analysis reported in Table 3 averaged the baseline and end-of-year scores to
measure each of the four motivation-related constructs. As a sensitivity check, we also
ran the moderation analysis that instead used only baseline scores for all four motiv-
ation-related moderators. The results pointed in the same direction as those reported in
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Table 3 but were not statistically significant. See the online appendix for details about
the BH procedure and the sensitivity check.

Discussion

The present work investigated the impact of the PARLO standards-based grading system
on ninth graders’ learning of algebra and geometry, hypothesizing that the reengineered
grading system would positively impact student learning both by directly providing stu-
dents additional opportunities to learn, and in a mediated manner by enhancing student
motivation. Partly supporting these predictions, our quantitative analysis indicated that
PARLO had a positive impact on ninth graders’ learning of mathematics content, with
an estimated effect size of 0.33 SD. In normally distributed data, an effect size of 0.33
SD would move a student from the 50th percentile on a test up to the 63rd percentile.
Comparing the PARLO impact to typical student growth from pre- to post-test in our
data set, we estimate 0.33 SD to be the equivalent to about 36% to 45% of a year’s learn-
ing. The program was effective regardless of students’ race, gender, or prior
achievement.

As discussed, we had also hypothesized that one mechanism through which PARLO
might improve achievement would be the mediating effect of motivation: the PARLO
program would improve motivation, which in turn would improve student engagement
and learning. Our quantitative analysis did not support this hypothesis. We found no
significant effect of PARLO on any of our four motivation-related measures.

Our qualitative analysis provided insights into the reasons behind our quantitative
findings. As predicted, teachers reported a number of ways that increased opportunities
to learn under PARLO improved student achievement. These opportunities included the
direct effects of encouraging students to re-study and reassess, helping students to focus
on the content they needed to learn, increased support from students’ peers, and provid-
ing opportunities to revisit topics over time.

Qualitative data also provided insight into why students did not report increased
expectancies for success under PARLO. There appear to have been two countervailing
tendencies, potentially leading to a net zero impact. As predicted, students’ appreciation

Table 3. Interactions with treatment condition: do students’ perception of intrinsic value, utility
value, expectancy of success, and long-term motivation moderate PARLO’s impact on mathematic
achievement?

Interaction n
Effect size
Estimate

Standard
Error

Degrees of
Freedom 95% conf. interval p-value

PARLO#Average Intrinsic Value 2,529 0.09 0.04 2,482 (þ0.01, þ0.17) 0.026
PARLO#Average Utility Value 2,532 0.11 0.05 2,483 (þ0.01, þ0.21) 0.028
PARLO#Average Expectancy 2,529 0.13 0.04 2,481 (þ0.05, þ0.22) 0.002
PARLO#Average Longterm Motivation 2,533 0.07 0.04 2,485 (−0.02, þ0.15) 0.13

Notes: This analysis utilized data from 65 teachers, and 29 schools. “Mathematics Achievement” was defined as the
Algebra Post-test z-score for algebra students and the Geometry post-test z-score for geometry students. n¼ number of
students with data available for the model testing each specific moderator. Because the analysis utilized average of
baseline and end-of-year scores, students who were missing end-of-year scores were not included in the analysis.
Reported results controlled for the following covariates: Assignment block for randomization; School-level proportion
disadvantaged; course assignment (geometry or algebra), student-level gender, race, pretest, pretest-squared, main
effects of the motivation subscale being studied and main effects of the PARLO treatment.
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of the opportunities to reassess appears to have strengthened their expectancies.
Balancing this, however, one aspect of our PARLO implementation may have had the
unintended consequence of decreasing students’ expectancies. The assessment system at
YWLCS, which inspired PARLO, did not assign students letter grades, instead using
long report cards that described proficiency by learning outcome. In our professional
development sessions, we showed these report cards to teachers and suggested, “When
all outcomes have been rated, students’ overall proficiency can be converted to a letter
grade if necessary.” As a result, many PARLO teachers provided students with little
information about their overall grade until all outcomes had been rated at the end of
the semester or year. This appears to have created anxiety and confusion among some
students about their grades, which may have reduced their expectancies for success. We
anticipate that future implementations of the PARLO system will correct this problem,
instead encouraging teachers to help students understand where they stand relative to a
final mathematics grade and what they need to do if they want to improve it.

Our quantitative analysis did not indicate any program effects on students’ valuing of
math class, and the qualitative data seldom mentioned the topic. While we had hypothe-
sized that changing the assessment system to focus less on quick learning and ranking
and more on mastery of course content would positively impact students’ value of
mathematics, this expectation may have been unreasonable. Making mathematics more
enjoyable (i.e., increasing intrinsic value) or increasing the perceived utility value of
mathematics may be most directly impacted by designing engaging instructional activ-
ities or by explicitly connecting curriculum to potential applications, neither of which
was a focus of PARLO.

Teachers interviewed did, however, report that the PARLO system positively impacted
student engagement and motivation in ways that our quantitative analysis did not
address. Motivational antecedents that may have been positively affected include growth
mindsets and mastery goals, autonomy, and relatedness.

An additional unanticipated and noteworthy finding emerged from our qualitative
analysis. Teacher interviews indicated that student motivation moderated PARLO’s
impact—that is, that more motivated students benefited more strongly from PARLO.
Once this finding emerged from our qualitative analysis, our quantitative data provided
some corroboration. Students who scored higher on year-average scores for intrinsic
value, utility value, or expectancies for success in mathematics benefited more from the
PARLO system than did students who scored lower on those same measures.

To unify these distinct but interconnected findings, we return to Figure 1, which
depicts our current conceptual model regarding how the PARLO system may influence
students’ academic experiences and learning. Solid lines in the figure indicate relation-
ships that have been supported either by prior research or that were supported both by
our present quantitative and qualitative analyses. Dashed lines indicate relationships that
we hypothesize based on patterns that emerged in our qualitative data, but have not
received robust quantitative support in the present or past research, and the lack of a
connection indicates relationships that did not emerge in the present or prior research.

We note that this current conceptual model includes two refinements to our initial
hypotheses. First, we now theorize that the PARLO system impacts motivation indirectly
through improving some, but not all, of the motivational antecedents we have
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considered. Specifically, the current study provides evidence that the PARLO standards
based grading system impacts expectancies, autonomy, relatedness, growth mindset, and
mastery goals–but not perceived intrinsic value or utility value. Second, motivation is
believed to moderate the relationship between PARLO-provided opportunities to learn
and actual learning. Thus, supplementing the PARLO program with additional support
for motivational antecedents would in theory magnify the impact of the program on
learning.

Study Limitations

We designed our study using an expectancy-value framework (Wigfield & Eccles, 2000),
and our quantitative measures reflect that design. Findings that emerged from our quali-
tative analysis of teacher interviews caused us to expand the framework to include con-
structs from growth mindset theory (Dweck, 2007), self-determination theory (Ryan &
Deci, 2020), and achievement goal theory (Senko, 2016). However, because these con-
nections emerged through inductive qualitative analyses conducted following data collec-
tion, quantitative data on growth mindsets, autonomy, relatedness, and mastery goals
were not collected. This may have contributed to the discrepancy between teacher inter-
views, which reported increased motivation under PARLO, and quantitative analyses,
which did not detect a program impact on motivation.

The study would have been stronger had we interviewed the control teachers. Doing
so might have provided important insight into the ways in which treatment and control
students’ experiences in the classroom differed.

The PARLO system works by changing the grading system to provide students with
more opportunities to learn. To be effective, students must understand the system. We
did not provide direct assistance to help teachers explain the PARLO grading system to
their students, and our data indicate that some students did not understand it. In a free
response survey, 73 out of 678 students described PARLO as “confusing.” Future imple-
mentations might be able to increase PARLO’s effectiveness by providing materials and
techniques teachers can use to explain the new system to their students.

Informal aspects of our intervention may have influenced outcomes in important but
untracked ways. For example, some but not all teachers encouraged peer-to-peer sup-
port by grading a student as high performance on a learning outcome if they helped
another student attain proficiency. “Flashback days” were an innovation developed by
some participating teachers and shared with all PARLO teachers through PLCs, but not
implemented by all of them. Teachers also developed techniques to reduce workload
requirements under PARLO. Some of these innovations may be key ingredients that
greatly enhance program success, but we were not able to determine which innovations
were the most important. Future research should seek to track how such elements—in
addition to factors like the level of transparency with which proficiency ratings are
translated into final grades, the way the program is introduced to students, the amount
and types of supports provided to parents and guardians, and the number of courses or
grade levels in a school that implement the PARLO program—might affect program
results.
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Finally, we note that treatment and control teachers had all volunteered, if assigned
to treatment, to change a central pillar of their classroom instruction: the grading sys-
tem. Implementing the PARLO system required considerable effort from the teachers
involved. Results may not generalize to teachers or schools who are less willing to make
such a change.

Conclusion: The Future

Working with teachers who were already implementing formative assessment and math-
ematics instruction designed around clearly state learning outcomes, the PARLO stand-
ards-based grading program reinforced those teaching practices and added two new
elements: reassessment for full credit after further learning; and basing a student’s final
grade on the number of learning outcomes the student learned at a proficient level and
the number of learning outcomes the student learned at a high performance level. This
treatment improved the amount of mathematics students learned by 0.33 standard devi-
ations, which is roughly 36% to 45% of the effect an entire year’s learning had for our
sample.

Moving forward, we anticipate that future work will not replicate the current project
precisely, but rather build on lessons learned. For example, we recommend that future
implementations correct elements of the program that may have unintentionally reduced
program effectiveness. Specifically, we recommend that procedures for computing final
grades be made transparent and explained clearly to students; and that the program pro-
vide materials and procedures to assist teachers in introducing the PARLO program to
students. If possible, future implementations should provide optional-use assessment,
reassessment, and re-teaching materials to reduce the amount of work required of
PARLO teachers. Future work might also consider implementing standards-based grad-
ing in more courses or more grade levels (vs. ninth grade math only), so that the
PARLO grading system does not seem so unusual (and thus potentially confusing) com-
pared to grading in other courses.

Our data also provides evidence that the PARLO standards-based grading system,
while effective regardless of race, gender, or prior knowledge, is especially effective for
students who are more highly motivated. This finding makes sense: the PARLO system
provides students additional opportunities to learn, and more motivated students are
more likely to take advantage of those opportunities. If one views motivation as a fixed
attribute of students, then this finding could be seen as troubling. A standards-based
grading system would have positive effects, but it would be especially helpful for the
“haves” who are already motivated and engaged.

Fortunately, however, research has consistently shown that motivation is malleable:
the mindsets that are psychological antecedents to motivation, including beliefs in
intrinsic and utility value of subject matter, expectancies for success, growth mindsets,
autonomy, and relatedness are greatly impacted by teacher behaviors and classroom
learning conditions (Binning & Browman, 2020; Farrington et al., 2012). Furthermore,
educational psychologists have developed interventions that are designed to target the
specific underlying psychological processes that can promote student motivation and
engagement. Importantly, a growing body of research has found that such interventions
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can have strong positive impacts on student learning and well-being, but only in con-
texts that are fertile ground for supporting the target psychological factors (Walton &
Yeager, 2020, Yeager & Walton, 2011). To create such “fertile ground” researchers have
suggested that it may be especially important to reform grading systems in order to
make them less focused on summative assessment and ranking (Farrington et al., 2012).
This raises an exciting avenue for future work: implementing the PARLO standards-
based grading system, while simultaneously supporting PARLO with interventions that
foster student motivation. Such a combined intervention could theoretically magnify the
impact of PARLO by supporting student motivation, while simultaneously magnifying
the impact of the motivation interventions by creating a grading environment in which
they can have a larger impact.

Finally, we note that there is no theoretical reason to expect the PARLO standards-
based grading system to be less successful in other grade levels or in other disciplines
than it was in ninth grade mathematics. We encourage other researchers to build on the
potential identified in our work, finding effective ways to implement standards-based
grading. We hope that the results will have large benefits for cultivating student
learning.
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Online Appendix 

Details of Random Assignment and Attrition. 

Our study design called for us to recruit 42 schools, 21 Treatment and 21 Control, in 

order to have an 80% chance of detecting an effect size of 0.25. Recruitment was to begin after 

the program received funding. Because the funding arrived later than anticipated only 20 schools 

were recruited to participate by the time the study began in spring of 2010: 14 public schools, 3 

charter schools, and 3 Catholic all-girl schools. In June of 2010, all ninth-grade algebra and 

geometry teachers at all Cohort 1 schools who had agreed to participate attended three days of 

professional development (PD) focusing on formative assessment techniques and on developing 

clear Learning Outcomes. The 20 participating schools were then randomly assigned either to the 

Treatment or the Control condition.  Randomization for the original 20 schools was done in three 

blocks by type of school: Charter vs. Catholic vs. Public, with each school having a 50% chance 

to be assigned to each condition. Among the Charter schools two were randomly assigned to the 

Treatment condition and one to the Control condition. Similarly, among the Catholic schools two 

were randomly assigned to Treatment condition and one to the Control condition. Among the 

Public schools, 6 were assigned to the Treatment condition and 8 to the Control condition. Note: 

the uneven assignment of public schools (6 to Treatment vs 8 to Control) occurred because 

before random assignment we agreed with one participating district to assign that district’s two 

schools randomly to the SAME treatment. Consequently, we assigned 13 “units” randomly to 

Treatment or Control: 6 to Treatment and 7 to Control. However 1 of the 7 Control units 

consisted of two schools. See “Two Middle Schools” below for more information. 

 After randomization, one Public Control school, one Public Treatment school, and one 

Charter Treatment school dropped out of the project. Additionally, a Charter Treatment school 
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delayed implementation for a year.  

The next year, we recruited 15 additional schools: 14 high schools from one large urban 

school district and 1 additional public high school. We provided Cohort 2 teachers two days of 

PD, and then randomly assigned the 15 schools to conditions: 8 to Treatment and 7 to Control. 

After randomization for Cohort 2, one Control and one Treatment school dropped out of the 

program. 

Table A1 summarizes the number of schools assigned and the number that remained in 

the project, by treatment condition and cohort.  

Table A1 
Number of Schools by Assignment Condition and Cohort 

Cohort Assignment Group # Assigned 
# With Data Available 

for Analysis % Attrition 
Cohort 1 Treatment 10 7 30.0% 

Control 10 9 10.0% 
Treatment + Control 20 16 20.0% 

Cohort 2 Treatment 8 7 12.5% 
Control 7 6 14.3% 
Treatment + Control 15 13 13.3% 

Cohorts 1 & 2 
 

Treatment 18 14 22.2% 
Control 17 15 11.8% 
Treatment + Control 35 29 17.1% 

 

Idiosyncrasies of Random Assignment and Sensitivity Analyses to Address Them 

Charter School that Delayed Participation. As described above, of the three Charter 

schools we recruited, one dropped out of the program; a second, randomly assigned to Control 

status, provided unusable data in 2010-11 and usable data in 2011-12; and the third, randomly 

assigned to Treatment status, provided usable data in 2011-12 and 2012-13.  Our reported 

analyses did not use the 2012-13 data from the Charter Treatment school, because there was no 

comparison data available from a Charter Control school for that year.  We conducted sensitivity 
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analyses, reported below, to see whether either including both years of data from the Charter 

Treatment school or dropping both Charter schools altogether from the analysis made any 

substantive change in our results. 

Two Middle Schools. One Cohort 1 district that agreed to participate in our study 

contained one high school and two middle schools. That district taught Algebra in eighth grade, 

not ninth grade, and requested that the two middle schools participate in lieu of the high school 

and be randomly assigned together either to Treatment or Control condition. After the 3 days of 

professional development, the two schools were randomly assigned to Control, and they are 

counted among the 10 Cohort 1 Control schools reported in Table A1.  We conducted sensitivity 

analyses, reported below, to see whether dropping those two schools from the analysis made any 

substantive change in our results. 

 Sensitivity Analyses. We conducted five sensitivity analyses to see whether our results 

were robust to alternative decisions about which school data should be counted in our data set.  

Our sensitivity check analyzed the following five alternative data sets to the analytic data set 

used in the main article: 

Alternative 1: Use both 2011-12 and 2012-13 data from Charter Schools. (Student n= 2,775 for 

the analysis of PARLO effects on student achievement, and between 2,568 and 2,572 for models 

using an ATMI subscale as the dependent variable.) 

Alternative 2: Drop both Charter schools from the analysis. (Student n= 2,669 for the analysis of 

PARLO effects on student achievement, and between 2,463 and 2,467 for models using an 

ATMI subscale as the dependent variable..) 
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Alternative 3: Drop the two middle schools from the analysis. (Student n= 2,675 for the analysis 

of PARLO effects on student achievement, and between 2,470 and 2,474 for models using an 

ATMI subscale as the dependent variable.) 

Alternative 4: Use both 2011-12 and 2012-13 data from Charter Schools AND drop the two 

middle schools from the analysis. (Student n= 2,714 for the analysis of PARLO effects on 

student achievement, and between 2,509 and 2,513 for models using an ATMI subscale as the 

dependent variable.) 

Alternative 5: Drop both Charter schools from the analysis AND drop the two middle schools 

from the analysis. (Student n= 2,608 for the analysis of PARLO effects on student achievement, 

and between 2,404 and 2,408 for models using an ATMI subscale as the dependent variable.) 

 Table A2 reports the results of the five sensitivity analyses. Overall, the results confirm 

those reported in the main article. In all cases, the PARLO effect on academic outcomes is 

minimally changed from the 0.33 standard deviations estimated in the main article, and remains 

statistically significant. In all cases, the PARLO effect on all motivation-related outcomes 

remains small, negative, and statistically insignificant, as in the main article.  In all cases, the 

interaction terms “Average Expectancy of Success” and “Utility Value” remain significant 

moderators of the PARLO effects, as they are in the analysis reported in the main article—

although under Alternative 3 the interaction term for Utility Value does not meet the .025 

significance level required by the Benjamini-Hochberg criterion for ensuring the false discovery 

rate is kept below 0.05. (See the relevant section below, as well as Table      A20, for more 

details about how we performed Benjamini-Hochberg adjustments).  The interaction term for 

“Intrinsic Value” remains a significant moderator in some models, but not when the two middle 

schools are dropped from the analysis, i.e., alternatives 3 through 5.
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Table A2 

Sensitivity of Results to Sample Selection Choices 

 

Alternative 1 
Extra Charter 
School Year 

Alternative 2 
No Charter Schools 

Alternative 3 
No Middle Schools 

Alternative 4 
Extra Charter School 

Year, 
No Middle Schools 

Alternative 5 
No Charter 
Schools, No 

Middle Schools 
Main Effects of PARLO treatment 

Dependent variable 
Effect Size 
Estimate p-value 

Effect Size 
Estimate p-value 

Effect size 
Estimate p-value 

Effect Size 
Estimate p-value 

Effect Size 
Estimate p-value 

Content Tests 0.33 .014 0.34 .018 0.36 .013 0.36 .012 0.36 .016 
Intrinsic Value -0.06 .31 -0.06 .30 -0.06 .29 -0.07 .27 -0.07 .26 
Utility Value -0.02 .73 -0.02 .64 -0.03 .50 -0.03 .56 -0.04 .48 
Expectancy of Success -0.06 .17 -0.05 .23 -0.07 .11 -0.07 .12 -0.06 .16 
Long-term Motivation -0.05 .45 -0.05 .47 -0.07 .32 -0.07 .36 -0.07 .37 

Moderation Effects on Student Content Knowledge 

Moderator 
Effect Size 
Estimate p-value 

Effect Size 
Estimate p-value 

Effect Size 
Estimate p-value 

Effect Size 
Estimate p-value 

Effect Size 
Estimate p-value 

Intrinsic Value x PARLO 0.09 .031 0.09 .027 0.07 0.077 0.07 .089 0.08 .063 
Utility Value x PARLO 0.11 .024 0.13 .014 0.11 .028 0.12 .024 0.13 .015 
Expectancy x PARLO 0.13 .0024 0.14 .0012 0.12 .0066 0.12 .0082 0.13 .004 
Long-term Motivation x 
PARLO 0.07 .10 0.08 .084 0.06 .18 0.07 .15 0.07 .13 
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Student-level Attrition 

During the first week of each school year, Treatment and Control teachers administered a 

content pretest and a survey collecting demographic information and student responses to 

motivation-related Likert scales. Only students at non-attritting schools who supplied data on 

both the pretest and the survey were included in our reference sample and used in the analysis.   

Table A3 summarizes by study-year, cohort, and treatment condition: the number of students in 

the reference sample; the number of students in the reference sample who provided outcome data 

and thus were included in the analysis; and the attrition rate. 

 

Table A3 
Number of Students by Assignment Condition, Cohort, and Year of 
Participation 

Cohort Assignment Group 

# In 
Reference 

Sample 
# With Data 

Available for Analysis % Attrition 
Cohort 1, 
2011-12 school 
year 

Treatment 797 647 18.8% 
Control 483 421 12.8% 
Treatment + Control 1,280 1,068 16.6% 

Cohort 2,  
2011-12 school 
year 

Treatment 537 465 13.4% 
Control 448 358 20.1% 
Treatment + Control 985 823 16.4% 

Cohort 2,  
2012-13 school 
year 

Treatment 602 537 10.8% 
Control 406 308 24.1% 
Treatment + Control 1,008 845 16.2% 

All students 
 

Treatment 1,936 1,649 14.8% 
Control 1,337 1,087 18.7% 
Treatment + Control 3,273 2,736 16.4% 

 

Teacher-level Counts and Attrition 

 Cohort 1 provided two years of data, i.e., data collected in 2010-11 and data collected in 

2011-12, but only the 2011-12 data was deemed valid data for the study. We did not maintain 

records on teacher participation in 2010-11.  In 2011-12 Cohort 1 included 16 Control teachers 
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and 20 PARLO teachers. Since we did not maintain records about teacher participation in 2010-

11, we did not control for first vs. second year of program participation. 

 It is common for multi-year studies, especially those conducted in urban districts, to 

experience significant year-to-year teacher churn, as teachers leave their positions, are 

transferred to new schools within a district, or simply switch grade levels or courses they teach 

while staying at the same school (Baker & Baruch, 2015; Boruch, Merlino, & Porter, 2012).  Our 

data from Cohort 2 confirmed this trend. Cohort 2 provided usable data for 2011-12 and 2012-

13.  Table A4 reports by treatment condition the number of Cohort 2 teachers who participated in 

2011-12, the number of those who remained to participate in 2012-13, and the number of new 

teachers who joined the project (replacing Algebra or Geometry teachers in participating 

schools) during 2012-13.  

Table A4 

Cohort 2: Teacher Assignment, Retention, and Joining 

Assignment 
Group 

# Teachers who 
participated 

2011-12 

# Teachers who 
stayed 

2012-13 

# Teachers who 
joined 

2012-13 

Total # of teachers 
who participated 

2012-13 
Treatment 13 7 5 12 
Control 9 6 2 8 
Treatment + 
Control 22 13 7 20 
 

Student Demographics 

Table A5 reports by treatment condition the demographic characteristics of our analytic 

sample of 2,736 students attending 14 Treatment and 15 Control schools. 
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Table A5 

Demographic Characteristics of the Analytic Sample Students, Treatment vs Control 

 
                                    PARLO (n = 1,649)              Control (n = 1,087) 
Demographics Percent n Percent n 
Female 56% 1,649 54% 1,087 
Asian 3% 1,649 7% 1,087 
Black 29% 1,649 31% 1,087 
Hispanic 6% 1,649 11% 1,087 
White 57% 1,649 41% 1,087 
Multi/Other 6% 1,649 10% 1,087 
Baseline Scores Mean (SD) n Mean (SD) n 
Algebra PreTest +0.07 (1.04) 1,574 -0.14 (0.91) 886 
Geometry PreTest -0.13 (0.80) 75 +0.05 (1.06) 201 
Combined Algebra & Geometry 
Tests 

+0.06 (1.03) 1,649 -0.10 (0.95) 1,087 

Intrinsic Value 3.28 (0.88) 1,649 3.28 (0.87) 1,087 
Utility Value 3.74 (0.65) 1,649 3.71 (0.71) 1,087 
Expectancy 3.46 (0.76) 1,649 3.47 (0.78) 1,087 
Long-term Motivation 3.20 (0.77) 1,649 3.25 (0.79) 1,087 
 
Note: In preparing Table A5, we standardized the algebra and geometry pretests to have a mean 
of 0 and SD of 1 for the full data set. Mindset subscales are measured from 1 to 5. n = number of 
students providing data for this statistic. SD= “standard deviation” and is included in parentheses 
where appropriate. 
 
Teacher Demographics 

Table A6 is based on data from all teachers in the analytic sample who completed a 

demographic survey.  
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Table A6 

Demographic Characteristics of the Analytic Sample Teachers, Treatment vs. Control 
Demographic Characteristic PARLO Teachers (n=33) Control Teachers (n=25) 
Median Years Taught 7 6 
Percent Certified 88% 100% 
Percent Math Major 82% 78% 
Percent Female 67% 69% 
Percent Asian 0% 9% 
Percent Black 10% 3% 
Percent White 90% 86% 
Percent Multi-racial/Other 0% 3% 
 

Timeline 

Figure A1 displays the timeline for program implementation. As the timeline shows, each 

Treatment and Control school participated in the project for two years: Cohort 1 during 2010-11 

and 2011-12 and Cohort 2 during 2012-12 and 2012-13.  At each participating school, the 

sample of students included ninth graders enrolled in Algebra or Geometry. We collected two 

years of data at each participating school, but as explained in the main article the data collected 

during 2010-11 could not be used. Consequently, we analyzed one year of data from one set of 

ninth graders who attended Cohort 1 schools and two years of data (one each from two separate 

sets of ninth graders) from Cohort 2 schools. Students in our data sets were anonymized, with 

pretests, surveys, and posttests matched using a barcode assigned to each student. We had 

available only the barcode to use as student identifiers. This means that if some students in 

Cohort 2 repeated ninth grade and provided data both in 2011-12 and 2012-13 we could not 

know it. Of necessity, we treated the two years of data from Cohort 2 as coming from separate 

sets of ninth graders. This applied to both Treatment and Control schools.
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Figure A1 PARLO RCT Timeline 
2010-2011 

School 
Cohort 1 

Early summer 
Randomization: 
20 participating 
schools 
identified.  
 
PD: 3 days for 
all Grade 9 
Algebra and 
Geometry 
teachers in 
participating 
schools. 

July  
Randomiza-
tion: 10 
Treatment 
and 10 
Control 
schools 
randomly 
assigned. 
 

August 
Attrition: 2 
Treatment schools 
and 1 Control school 
drop from the 
program. 1 
additional Treatment 
school delays 
implementation until 
next year, yielding 7 
Treatment and 9 
Control schools 
participating in 
Cohort 1, Year 1. 
 
PD: 3 days for all 
Treatment teachers. 

September 
Data Collection: 
COHORT 1, 1ST 
GROUP OF 9TH 
GRADERS: 
achievement 
pretest and 
baseline 
attitudes survey 
administered to 
volunteer 
students. (These 
data were later 
deemed invalid 
due to the 
volunteer nature 
of the sample.) 
 
 

September-June 
PD: Approximately 
monthly PLC sessions at 
Treatment schools 
 
Implementation: 
COHORT 1, 1ST 
GROUP OF 9TH 
GRADERS: Full 
PARLO implementation 
at 7 Treatment Schools.  
 
Data Collection: Teacher 
Interviews at all 
Treatment schools. 
 
 

June 
Data Collection: COHORT 
1, 1ST  GROUP OF 9TH 
GRADERS: End-of-year 
achievement test and 
attitudes survey 
administered to volunteer 
students. (These data were 
later deemed invalid due to 
the volunteer nature of the 
sample.) 
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2011-2012 
School 

Cohort 1 
Early summer 
No activity. 

July  
No activity. 
 

August 
Attrition: 1 Treatment 
school drops, but an 
additional treatment 
school that had 
delayed active 
participation rejoins 
Cohort 1. Thus, the 
Cohort 1 group 
remains: 7 Treatment 
and 9 Control schools. 
 
PD: 2 days for all 
Treatment teachers. 

September 
Data Collection: 
COHORT 1, 2ND  
GROUP OF 9TH 
GRADERS: 
achievement 
pretests and 
baseline attitudes 
survey 
administered to all 
students.  

September-June 
PD: Approximately 
monthly PLC sessions at 
Treatment schools 
 
Implementation: 
COHORT 1, 2ND  
GROUP OF 9TH 
GRADERS: Full 
PARLO implementation 
at 7 Treatment Schools.  
 
Data Collection: 
Teacher Interviews at all 
Treatment schools. 

June 
Data Collection: COHORT 
1, 2ND  GROUP OF 9TH 
GRADERS: End-of-year 
achievement test and 
attitudes survey administered 
to all students.  

School 
Cohort 2 

Early summer 
Randomization: 
15 participating 
schools 
identified.  
 
PD: 2 days for 
all Grade 9 
Algebra and 
Geometry 
teachers in 
participating 
schools. 

July  
Randomiza-
tion: 8 
Treatment 
and 7 Control 
schools 
randomly 
assigned.  

August 
Attrition: 2 Treatment 
and 1 Control school 
drop from the 
program, yielding 7 
Treatment and 6 
Control schools. 
 
PD: 4 days for all 
Treatment teachers. 

September 
Data Collection: 
COHORT 2, 1ST 
GROUP OF 9TH 
GRADERS: 
achievement 
pretests and 
baseline attitudes 
survey 
administered to all 
students.  

September-June 
PD: Approximately 
monthly PLC sessions at 
Treatment schools 
 
Implementation: 
COHORT 2, 1ST 
GROUP OF 9TH 
GRADERS: Full 
PARLO implementation 
at 7 Treatment Schools.  
 
Data Collection: 
Teacher Interviews at all 
Treatment schools. 

June 
Data Collection: COHORT 
2, 1ST GROUP OF 9TH 
GRADERS: End-of-year 
achievement test and 
attitudes survey administered 
to all students.  

Both 
Cohorts 

     June 
Data Collection: Qualitative 
survey of 678 students. 
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Timeline: 2012-2013 
School 

Cohort 2 
Early summer 
No activity. 

July  
No activity. 
 

August 
Attrition: none 
 
PD: 2 days for all 
Treatment teachers. 

September 
Data Collection: 
COHORT 2, 2ND 
GROUP OF 9TH 
GRADERS: 
achievement 
pretests and 
baseline attitudes 
survey 
administered to 
all students.  
 

September-June 
PD: Approximately 
monthly PLC sessions 
at Treatment schools 
 
Implementation: 
COHORT 2, 2ND  
GROUP OF 9TH 
GRADERS: Full 
PARLO implementation 
at 7 Treatment Schools.  
 
Data Collection: 
Teacher Interviews at 
all Treatment schools. 
 
 

June 
Data Collection: COHORT 
2, 2ND  GROUP OF 9TH 
GRADERS: End-of-year 
achievement test and 
attitudes survey 
administered to all students.  
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Implementation: Additional Details 

Spring 2012 Survey 

 Treatment and Control teachers completed seven PARLO-related questions in a survey 

administered in the spring of 2012.   At that time, teachers in Cohort 2 were just completing the 

first of two years of project participation.  Meanwhile, teachers in Cohort 1 were just finishing 

their second year of participation in the project.   

 The PARLO-related questions were set up as a checklist responding to the following 

prompt: “Looking ahead to the next school year (2012 -13), what elements of PARLO, if any, 

are you likely to implement? Please check all that apply.” Note: While data were not collected 

from Cohort 1 classrooms during the Year 3 of the project (2012-2013), Treatment teachers in 

Cohort 1 were permitted to continue participating in PARLO PLCs during Year 3, and many of 

them opted to do so.  

   Table A7 describes the percent of teachers who checked off each prompt on the list, 

broken down by Treatment vs. Control. 

Table A7 

Percent of Teachers Saying They Were Likely to Implement Each Practice During the 

Coming School Year, by Treatment Condition 

 PARLO Control Chi-square p-value 
Holding students 
accountable for 

learning outcomes 
94% 74% 1.723   .043*  

Utilizing a “high 
performance”, 
“proficient”, or 

“not yet 
proficient” 

assessment system 

76% 22% 2.431 <.001** 

Allowing students 
to resubmit 32% 41% -0.363   .499 



14 
 

assignments for 
full credit 

Reassessment 85% 78% 0.505   .451 
Collecting 
evidence of 

student learning 
88% 67% 1.322   .049* 

Using the traffic 
light system to 
monitor student 

learning 

56% 15% 1.986   .002** 

Using formative 
assessment 

strategies in your 
classrooms 

91% 93% -0.190   .841 

Note: N = 34 Treatment and 27 Control teachers. “Chi-square” = Chi-square value for a logistic 
regression analysis with 1 degree of freedom. “p-value” = significance of the Chi-square test 
before Benjamini-Hochberg adjustment. 
** Statistically significant difference between groups after using the Benjamini-Hochberg (BH) 
adjustment to control for a false discovery rate of 5%. 
* Statistically significant difference between groups after using the BH adjustment to control for 
a false discovery rate of 10%. 
 

 As noted in the published article, PARLO teachers were significantly more likely than 

Control teachers to say they planned to use a “high performance”, “proficient” or “not yet 

proficient” assessment system and that they planned to use a traffic light system to monitor 

student learning.  The fact that 15% of Control teachers (4 out of 27) reported planning to use a 

traffic light system could indicate some cross-contamination. However, it is likely that instead of 

referring to a grading system they were referring to a similarly named comprehension-

monitoring formative assessment system that was popular in local school districts, in which 

students displayed red, yellow, or green drinking cups to indicate how well they were 

understanding a teacher’s presentation. 

Two items on the questionnaire were aimed at assessing whether teachers were 

implementing the PARLO practice of encouraging students to reassess for full credit after further 

work.  As shown in the table, there was little difference between groups on either item, 
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“Reassessment” or “Allowing students to resubmit assignments for full credit”.  In retrospect, we 

think both items were poorly phrased.  Regarding the “reassessment”: Math teachers commonly 

reassess topics (e.g., on a quiz and then on a final) but unlike PARLO teachers, they average 

early scores with later scores. Another common practice is to allow students who failed a test to 

retake that test and average the two grades. Such practices emphasize test-performance (e.g., 

“Maybe the student had a bad day”), while PARLO emphasizes partnering with each student to 

ensure they all reach high levels of understanding of each learning outcome. Regarding 

“allowing students to resubmit assignments for full credit”: PARLO teachers often required 

students to turn in corrected assignments before reassessment, e.g. using error logs—but the 

resubmitted assignment did not receive credit by itself. Instead, students had to prove separately 

that they had mastered the material. 

It is also worth noting the two items that approached statistical significance (significant at 

p=.10 but not p=.05 after BH adjustment). At the time of our study, it was becoming increasingly 

common practice for teachers to teach by learning outcome, and we chose to lean into this 

version of “business as usual” by encouraging both Treatment and Control teachers to do so.  

However, the PARLO system emphasized and reinforced use of learning outcomes, and the data 

seem to indicate that PARLO teachers were especially likely to use them.  Similarly, while under 

business-as-usual it was common for all teachers to regularly collect evidence of student 

learning, participating in PARLO may have made teachers especially likely to collect evidence.  

Finally, we note that although using formative assessment is a necessary part of PARLO, 

as expected both Treatment and Control teachers were familiar with formative assessment and 

both groups at least tried to use formative assessment techniques. 

Spring 2013 Survey 
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 In the spring of 2013 we administered a survey to the participating PARLO teachers only, 

asking about various classroom practices.   Many of the questions overlapped the questions that 

had been asked of both PARLO and Control groups in spring of 2012. Because the 2012 

questionnaire had been administered to both groups, we focus on the 2012 data, reported above, 

in our analysis of those questions. However, four questions addressed an aspect of the PARLO 

system not previously measured: whether teachers required evidence of further study before 

permitting reassessment.   

The questions responded to the following prompt: “During the 2012-13 school, year how 

often, if at all, did you use the following strategies?”  Teachers could respond: Never; Rarely 

(i.e., once or twice); A few times (i.e., 3-5 times); Fairly Often (i.e. 6 times to about once per 

month); Frequently (i.e., a couple of times a month); Almost every week.  Table A8 describes the 

percent of teachers who selected each response option for each of the three questions. 

Table A8 

Percent of Year 3 PARLO Teachers Selecting Each Response Option 

      Never Rarely 
A 

Few 
Times 

Fairly  
Often 

Fre-
quently 

Almost 
Every 
Week 

Allowed students to resubmit assignments for full 
credit 8% 8% 8% 12% 20% 44% 

Had students complete error logs for work that 
was "Not Yet Proficient" 16% 20% 24% 16% 16% 8% 

Had students complete remediation plans in order 
to become proficient 16% 12% 16% `12% 28% 16% 

Held "Flashback Fridays" or catch up days for 
students who were "Not Yet Proficient" 20% 12% 20% 12% 20% 16% 

Note: N = 25 teachers 

 The PARLO system did not envision teachers using all four of the above techniques all 

the time. Instead, they were expected to use some technique to encourage students to reassess 

after further learning.  Therefore, we asked, “How frequently did teachers use at least one of the 
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above four techniques?” Consequently, for each teacher we calculated the maximum score across 

the four techniques. Results are reported in Table A9. 

Table A9 

How Often Year 3 PARLO Teachers Reported Using At Least One of the Four Re-learning 

Techniques (Percent of Teachers in Each Category) 

Never Rarely A Few Times Fairly Often Frequently Almost Every 
Week 

0% 0% 12% 12% 28% 48% 

  

 
Content Tests Used 

 Addenda 1 and 2 display the algebra and geometry post tests used in this study. The 

Algebra PreTest contained 31 items that were identical to those displayed in Addendum 1 but 

presented in a different order. Similarly, the Geometry PreTest contained 35 items that were 

identical to those displayed in Addendum 2 but presented in a different order.  

 After all tests had been administered but before student scores were computed, we 

dropped two items from the algebra exam displayed in Addendum 1. We dropped item #7 on the 

post test, and the identical item #30 on the pretest, because either response option “a) 1/5” or 

response option “b) 1/25” could be correct, depending on the student’s interpretation of the 

question. We dropped item #22 on the post-test and the identical item #4 on the pretest, because 

including the item reduced reliability (Cronbach’s alpha) on both the pretest and post-test. Fewer 

than 25% of students answered the item correctly on either test, indicating that students were 

guessing the answer. It appeared that neither Treatment nor Control students had the opportunity 

to learn the content of this item, which tested students’ ability to find the Least Common 

Multiple of Monomials. 
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When scoring the tests, we awarded 1 point for each correct answer, 0 points for each 

incorrect answer, and 0.25 points for items left blank. We scored it in this manner because some 

students chose to leave items they could not answer blank, whereas other students guessed and 

thus had a 25% chance of getting the items correct. As compared to scoring blank items 0 points, 

when we assigned 0.25 points for blank items the pretest and post-test scores correlated more 

highly with each other, more highly with students’ responses on the Attitudes Towards 

Mathematics Inventory (ATMI) four subscales, and, for the subset of students who had state 

testing data available, more highly with state-administered 8th grade math test scores. 

We also investigated whether a piecewise linear model might be better to use for 

modeling the covariance of pretest with post-test. For algebra, we found that the most effective 

model had one slope for all students who correctly answered 7 or fewer of the 29 items on the 

test (i.e., scored 24% or less) and a different slope for all students who correctly answered 8 or 

more of the questions. Indeed, the piecewise model showed a near-zero, slightly negative slope 

for scores below 25%. Consequently, before analysis, we rescaled the algebra pretest score by 

subtracting 7 from the number correct and setting all negative scores equal to 0. In contrast to 

algebra, for geometry we found that a piecewise model was not superior to a simple linear model 

in predicting post-test from pretest. Further, rescaling the geometry test did not improve 

appropriate correlations. Consequently, we did not rescale the geometry pretest in this way 

before performing analyses. Neither did we rescale either of the post-tests in this way. 

Once we identified our analytic sample of 2,736 students, we used linear transformations 

to convert the rescaled algebra pretests, as well as the geometry pretests, and the algebra and 

geometry post-tests, into z-scores with a mean of 0 and a standard deviation of 1 within the 

analytic sample.  
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We computed a new “Post” score that we used in the analysis, defined as the student’s 

algebra post-test z-score for algebra students, and the student’s geometry post-test z-score for 

geometry students. Similarly, we computed a new “Pretest” score, defined as the student’s 

algebra pretest test z-score for algebra students and the student’s geometry pretest test z-score for 

geometry students. We also computed the square of each student’s pretest score.  

Attitudes Toward Mathematics Inventory (ATMI) 

 Addendum 3 displays the four ATMI subscales. When completing the ATMI, some 

students left one or more items on one or more subscales blank while completing the rest of the 

subscale. Because items within a subscale differed in their mean and variance, we could not use a 

simple average of these students’ responses as a valid reflection of their score on the subscale. 

For example, mean responses on the 5-item Motivation scale ranged from a low of 2.7 for item 

#33 to a high of 4.0 for item #2. In order to compute a meaningful average score even for 

students who completed only part of a subscale, we first converted each item to a z-score with 

mean of 0 and standard deviation of 1. For each subscale, we then averaged all available z-scores 

for each student subscale. Using only students with complete information on each subscale, we 

used OLS regression to compute a linear transformation from the average z-scores back to a 1-5 

scale computed by averaging raw scores. We then used this linear transformation to translate 

each student’s subscale score back to an easily interpretable 1-to-5 scale. 

Teacher Interviews 

Addendum 4A displays the 23 questions in the Year 1 teacher interview. Non-exit 

interviews in later years asked the same questions, except that the reference to the software 

program Ease was replaced with a reference to its replacement, PARLO Tracker. Teachers 

interviewed at the end of the year in the last year of their school’s participation in the project 

were administered the 17-question Exit Interview, which is displayed in Addendum 4B. 
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Open-ended Student Survey 

 Addendum 5 displays the 8 open-ended questions on the student survey. The survey was 

administered during the second year of program operation, i.e., 2011-12. The 678 respondents 

came from 6 treatment schools with 18 PARLO teachers and 31 PARLO class sections.  

Choosing Covariates for the Baseline Model. 

Unlike a quasi-experiment, our experimental study would be expected to produce 

unbiased results even if we selected an incomplete covariate model. Nonetheless, by selecting 

appropriate covariates we were able to reduce random variance in our model, thus improving the 

precision of our model and narrowing confidence intervals around estimated results. It was also 

important that we follow a systematic procedure to select covariates before addressing our main 

research questions. By doing so we could avoid the temptation of unconsciously choosing a set 

of covariates that most closely produced our preferred results.  

We chose a variance structure following procedures described in the main article under 

the heading Variance Components and Covariates Selected for Use. After deciding on a variance 

structure, we investigated all student-level covariates to determine which were statistically 

significant predictors of the content post-test. Next, we tested school-level covariates. Since 

intervention assignment was based on school, in order to maximize model precision, we 

predetermined to include any school-level variable that reduced between-school variance. The 

only school-level covariate that met that criterion was proportion low-income students, which 

had been measured during the 2010-11 school year. In analyses, the school proportion low-

income students was rescaled by subtracting the mean across schools. Finally, at the suggestion 

of an anonymous reviewer, we added four blocking variables: “Catholic-school,”, “Charter-

school,”  “Cohort Two Public School, students tested in 2011-12,” and  
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“Cohort Two Public School, students tested in 2012-13” as fixed effects in the model. The 

Cohort 1 Public School random-assignment block was the reference group. 

To investigate PARLO treatment impacts on mindsets and motivation we used the same 

covariates we had used to investigate the PARLO treatment impact on academic outcomes, with 

two exceptions made for substantive reasons. First, we dropped the quadratic term for the algebra 

pretest because it was not significant and made analyses less parsimonious. Second, we used 

baseline scores from all four ATMI subscales, instead of only from the Self-Confidence (i.e., 

Expectancy for Success) subscale. 

Full Information Maximum Likelihood Analysis of PARLO impact on Academic 

Performance. 

 Instead of deleting cases with missing pretests or post-tests, an alternative is to handle 

missing data by employing a Full Information Maximum Likelihood (FIML) approach that takes 

advantage of hierarchical linear modeling. In this approach, one treats pretests and post-tests as 

repeated measures of an underlying construct (Allison, 2012; Raudenbush & Bryk, 2002). Test 

scores are nested within students, who are nested within higher level clusters.  

For this analysis, we modeled test scores (pretest or post-test) as Level 1, Student as 

Level 2, Course within Teacher within Study-Year as Level 3, and School as Level 4. We 

converted pretest scores to z-scores within the data set, with a mean of 0 and a standard deviation 

of 1. In order to maintain comparability to the analysis using listwise deletion that we reported in 

the main article, we converted each student’s post-test score to the same scale used in Table 1 of 

the main article, by subtracting the mean for the 2,736 students in the listwise-deleted analytic 

data set and dividing by the standard deviation of the post-test score for those 2,736 students. 

 We created four new dichotomous variables as indicators of the four types of content 
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test: Algebra PreTest, Geometry PreTest, Algebra Post-test, or Geometry Post-test. We allowed 

each of the four indicators to vary randomly within Level 3 and Level 4. Correlations among the 

random variables enabled us to control for the covariation between geometry pretest and post-

test and between algebra pretest and post-test. Note that unlike the analysis using listwise 

deletion, this analysis did not model a quadratic term for the effect of the algebra pretest test on 

the algebra post-test. 

We also created a time fixed effect variable, coded 0 for the pretest test and 1 for the 

post-test. In this model, the PARLO treatment effect on post-test after controlling for the pretest 

would be the PARLO x time interaction.  

In order to avoid deleting cases (students) who were missing data for other covariates, we 

aggregated each remaining student level covariate, i.e., Female, White or Asian, and Baseline 

Expectancy of Success, to the school level and used the school mean as the covariate. This 

approach was appropriate since school was the unit of assignment and thus between-school 

variation was more important than between-student variation in accounting for any differences 

between PARLO and Control schools. We recentered all school level variables so that 0 

represented the mean of the school means. We used the REML option of the lmer command in 

the lmerTest package of the R programming language to run the analysis.  

Similar to the PARLO treatment effect, the effect of each covariate on the post-test after 

controlling for the pretest, would be the Covariate x time interaction.  

By taking this approach, our FIML model was able to use data from every student who 

completed a content pretest or a content post-test. Students with missing observations on one or 

the other variable nonetheless contributed to our estimate of within-cluster means and slopes. 

Consequently, unlike the analysis reported in the main article, this analysis sample includes 
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joiners, i.e., students who were not present during the first week of school when the pretest and 

attitudes survey were administered. The sample also includes students who did not stay for the 

entire school year, and students who completed the school year but for some reason did not 

provide post-test scores.  Data for this analysis was provided by 4,116 students and 73 teachers 

from 29 schools: 2,385 students and 43 teachers at 14 PARLO treatment schools and 1,731 

students and 30 teachers at 15 control schools. Table      A10 summarizes the results. 
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Table      A10 

FIML Analysis of PARLO Treatment Main Effect 

Fixed Effects Estimate 
Standard 

Error 
Degrees of 
Freedom p-value 

Intercept -0.04 0.11 29 .72 
Main Effects (impacts on Pretest score)     
 PARLO Treatment  0.02 0.09 24 .82 
 Catholic Girls’ School -0.84 0.44 42 .060 
 Charter School 0.40 0.25 47 .12 
 Cohort 2 Public School, 2011-2012 school year 0.05 0.12 24 .69 
 Cohort 2 Public School, 2012-2013 school year 0.19 0.13 27 .15 
 Geometry Student  -0.09 0.11 8 .42 
 School Mean baseline Expectancy 0.82 0.28 10 .016 
 School Proportion White or Asian  0.99 0.28 31 .0015 
 School Proportion Female 2.19 0.72 40 .0045 
 School Proportion Disadvantaged 0.21 0.32 38 .51 
 Time  -0.11 0.16 27 .50 
Interaction Effects (impacts on Posttest after controlling for Pretest score)  

 PARLO Treatment x time 0.28 0.12 32 .030 
 Catholic Girls’ School x time 0.16 0.61 27 .80 
 Charter School x time -0.52 0.34 27 .14 
 Cohort 2 Public School, 2011-2012   
 school year x time 

-0.32 0.15 52 .033 

 Cohort 2 Public School, 2012-2013  
 school year x time 

-0.27 0.15 59 .076 

 Geometry Student x time 0.16 0.12 8 .22 
 School Mean baseline Expectancy x time 0.57 0.28 87 .047 
 School proportion White or Asian x time -0.25 0.40 24 .53 
 School proportion Female x time 0.18 1.02 27 .86 
 School Proportion Disadvantaged x time -0.10 0.46 24 .63 
Number of Observations    
School 29    
Course by Teacher by Year 95    
Student ID 4,116    
Total Observations (pre + post) 6,944    
Notes: The intercept of the model can be interpreted as the expected baseline test z-score for the 
covariate reference values, i.e., for an algebra student in a control classroom at a Cohort 1 Public 
school with average scores on the ATMI expectancy of success measure and on proportion 
White or Asian, proportion Female, and proportion Disadvantaged. The interactions with Time 
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estimate the impact of each independent variable on the post test, after controlling for pretest 
scores and school-level aggregate covariates.  
 
 As shown in Table A10 the maximum likelihood estimate of the PARLO program’s 

impact on algebra and geometry content test scores was statistically significant (p = .030) and the 

effect size was close to what we estimated using listwise deletion: +0.28 standard deviations.  

Other things worth noting from the table: Schools with high means on the Expectancy 

subscale had higher scores than other schools on the pretest and tended to improve achievement 

more from pretest to post-test. Schools with high proportion White or Asian had higher scores on 

the pretest but appeared to gain at roughly the same rate as other schools from pretest to post-

test. There may also have been a difference among assignment blocks in achievement growth, 

with Cohort 2 schools showing less pre- to post-test growth during 2011-12 than Cohort 1 

schools. Finally, the reader is cautioned that because the Catholic schools were the only gender-

specific schools in our data set, the variables “Catholic Girls’ School” and “School Proportion 

Female” were highly correlated. Those two variables were entered as controls, but their slopes 

should not necessarily be interpreted as meaningful. 

Additional Details for Listwise-Deletion Analysis of PARLO Impact on Student Mindsets 

and Motivation  

Table A11 provides a more detailed breakdown of information contained in Table 2 of 

the main article, including covariate coefficients and variance components.  The most interesting 

finding from this more detailed breakdown is that females in the sample had somewhat lower 

scores on all four motivation measures than did males.
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Table      A11 

Effects of PARLO Treatment on Students’ Motivational Antecedents and Long-term Motivation in Math Class (analytic data 
set prepared using listwise deletion) 

 Intrinsic Value Utility Value Expectancy of Success Long-term Motivation 
 β SE p-value β SE p-value β SE p-value β SE p-value 

School Level Fixed Effects 
Intercept 3.20 0.06 <.0001 3.62 0.05 <.0001 3.40 0.05 <.0001 3.19 0.07 <.0001 
Catholic Girls’ School -0.13  0.10 .19 0.12  0.08 .88 -0.05 0.08 .55 0.06  0.10 .59 
Charter School -0.14  0.13 .31 -0.23 0.11 .043 -.0.22 0.12 .072 -0.24 0.15 .11 
Cohort 2 Public School, 
2011-12 school year 

0.04 0.07 .61 0.05 0.06 .38 0.03 0.05 .64 0.11 0.08 .20 

Cohort 2 Public School, 
2012-13 school year 

-0.04 0.07 .54 -0.04 0.06 .47 0.01 0.05 .88 -0.05 0.08 .56 

Proportion Disadvantaged 0.06 0.11 .57 0.22 0.09 .026  0.04 0.08 .61 0.16 0.12 .21  
PARLO Treatment -0.06 0.06 .31 -0.02 0.05 .60 -0.06 0.04 .14 -0.08 0.06 .23 
Course Level Fixed Effect 
Geometry Student 0.01 0.07 .85 -0.03 0.03 .63 0.03 0.07 .72  0.13 0.07 .069 
Student Level Fixed Effects 
Baseline Expectancy  0.14 0.03 .91 0.003 0.03 .91  0.48 0.03 <.0001 -0.01 0.03 .87 
Baseline Intrinsic Value 0.43 0.03 .10 0.05 0.03 .10 0.13 0.03 <.0001 0.19 0.03 <.0001 
Baseline Long-term 
Motivation 

0.11 0.03 <.0001 0.10 0.03 <.0001 0.08 0.03 .0027 0.37 0.03 <.0001 

Baseline Utility Value -0.08 0.03 <.0001 0.44 0.03 <.0001 -0.08 0.03 .0032 0.08 0.03 .011 
White or Asian  - 0.01 0.03 .65  0.01 0.03 .65   0.03 0.03 .33  0.006 0.04 .87  
Female - 0.08 0.03 .0021  - 0.08 0.03 .0021  - 0.12 0.03 <.0001  - 0.08 0.03 .0086  
Pretest 0.07 0.01 .0002  0.05 0.01 .0002  0.10 0.01 <.0001  0.03 0.02 .038  
Geometry X Pretest 0.07 0.05 .82 0.01 0.04 .82 0.03 0.04 .56  0.04 0.05 .39 
Random Effects n Variance n Variance n Variance n Variance 
School 29 0.008  29 0.003  29 <0.0001  29 0.014  
Course x Teacher x Year 78 0.012  78 0.011  84 0.018  84 0.012  
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Residual 2,694 0.44  2,697 0.36  2,694 0.40  2,698 0.47  
 
 

Note. This analysis utilized data from 2,698 students, 65 teachers, and 29 schools. All non-dichotomous variables are grand mean 
centered. Dependent variables are measured on a 1-5 Likert scale. β = effect estimate in raw 1-5 units; SE = Standard Error; n = 
number of observations. The intercept of the model can be interpreted as the end-of-year survey scale score for students at average 
values for pretest, baseline scores on all four ATMI subscales, and school-level proportion disadvantaged; and in the reference group 
for all dichotomous variables (i.e. in the Cohort 1 Public School randomization block; in a control school, taking algebra, not 
White/Asian, and not Female). 
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Full Information Maximum Likelihood Analysis of PARLO Impact on Intrinsic Value, 

Utility Value, Expectancy of Success,  and Long-term Motivation 

 As we did with our analysis of PARLO effects on academic performance, we also 

addressed PARLO effects on mindsets and motivation using FIML instead of listwise deletion of 

missing data. The approach was the same as the maximum likelihood analysis described above. 

For each survey subscale, a student’s baseline score and post-score were treated as repeated 

measures. (Note: instead of recentering them as z-scores, we kept the outcome ATMI variables 

on a 1-5 Likert scale.) The nesting structure was the same as the one described above for the 

maximum likelihood analysis of program effects on academic performance. 

We created two new dichotomous variables as indicators of “baseline” or “post-score,” 

allowing each of the two variables to vary randomly within Level 3 (Course within Teacher 

within Study-year) and Level 4 (school). Correlations among the two random variables enabled 

us to control for the covariation between baseline and post-score. We also created a fixed-effect 

“time” variable. 

The covariates for this analysis were the same ones used in Table 1 of the main article, 

albeit (with the exception of the baseline score on the target attitude) aggregated to the school 

level and centered around the mean of the school means. For the algebra and geometry pretests, 

we used the school mean z-score for students who took the pretest and set the value to zero for 

students who did not take that particular pretest. As with the maximum likelihood analysis 

described above, the parameter of interest was the PARLO x time interaction effect on the 

outcome variable. Data for these analyses was provided by 4,189 students and 68 teachers from 

29 schools: 2,412 students and 40 teachers at 14 PARLO treatment schools and 1,777 students 

and 28 teachers at 15 control schools. Table A12 summarizes the estimated PARLO effect on 



29 
 

each ATMI subscale. More detailed output tables are available from the first author upon 

request.  

Table      A12 
FIML Estimate of PARLO Effects on ATMI Subscales (1-5 Likert Scales) 

Dependent Variable 
(Subscale) 

PARLO 
effect 

Estimate      
Standard 

Error 
Degrees of 
Freedom 

95% conf. 
interval p-value 

Effect size 
in SD units 

Intrinsic Value -0.13 0.08 15 (-0.30, +0.04)  .15 -0.15 
Utility Value -0.08 0.05 13 (-0.19, +0.03) .15 -0.11 
Expectancy -0.07 0.07 57 (-0.21, +0.07) .29 -0.08 
Long-term Motivation +0.01 0.09 14 (-0.18, +0.20) .90 +0.01 
                    

As shown in Table A12, the maximum likelihood estimate of the PARLO program’s 

impact was similar to what we estimated using listwise deletion, with confidence intervals 

overlapping zero for all four dependent variables. The most noticeable differences between the 

results of the maximum likelihood analysis and those of the analysis using listwise deletion are 

that in the maximum likelihood analysis the point-estimate slope for Long-term Motivation was 

positive instead of negative, and the point-estimate slope for Intrinsic Value, at -0.13, was of 

somewhat greater magnitude than the point-estimate calculated when using listwise deletion.  

Details About the Moderation Analysis (Table 3 of the Main Article) 

 Potential problems created by endogeneity. The term “endogenous” has two distinct 

meanings in the research literature. One form of endogeneity, which we refer to as standard 

endogeneity is explained as follows in the International Journal of Social & Behavioral Sciences: 

“Exogenous variables are thought of as causes, endogenous as their effects. But there is no 

necessary connection; one may use the terms without implying causality …. A simpler 

terminology for exogenous and endogenous is independent and dependent variables.” (Peterson, 

2001). The other form of endogeneity, which we refer to as econometric endogeneity, is 
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commonly used in econometrics and is defined as a predictor variable that is correlated with the 

error term (Bun and Harrison, 2018).  Our measures of average motivation scores might be 

endogenous in either sense.   

Figure A2 displays the situation. The two thicker arrows are used to display potentially 

endogenous relationships.  Our measures of average intrinsic value, utility value, expectancy of 

success, and long-term motivation are potentially “standard endogenous” because they could be 

impacted by Treatment. Including any of these standard-endogenous variables in the model 

would make main effects very hard to interpret. The main effect of Treatment, βt would change 

depending on where we centered the motivation scores. Because motivation scores are 

endogenous, the average score for Treatment and Control would be different, and we could 

change the reported Treatment effect depending on whether we centered motivation on average 

for the Treatment group, average for the Control group, average for the entire study population, 

or somewhere else.  Similarly, the main effect of a motivation variable, βm, would change 

depending on whether our reference group was Treatment or Control. Fortunately, however, we 

use the potentially standard-endogenous motivation related measures only in our moderation 

analysis. That analysis reports only the interaction slope βmt. The interaction slope, and its 

statistical significance, is invariant no matter where we center other variables in the model. Thus, 

there is no difficulty in interpreting the results. 
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Figure A2 Standard Endogeneity and Econometric Endogeneity 

 
 
 
 
 
 
 
 

  

 

 

Our measures of average intrinsic value, utility value, expectancy of success, and long-

term motivation are also potentially “econometric endogenous”.  For example, one of the scores 

might be predicted by an unmeasured variable like grit (Duckworth, et al., 2007), which might 

also predict student achievement.  An econometric-endogenous variable will be correlated with 

the error term, but calculation procedures for Multilevel and OLS regression calculate regression 

slopes that force the error term to be uncorrelated with any of the covariates. Doing so usually 

forces the regression slopes to be biased. 

Once again, however, our moderation analysis is valid.  This is because, while main 

effect estimates might be biased by inclusion of an econometric-endogenous variable, as 

explained below the estimated slope for the interaction between an endogenous variable and a 

binary Treatment will be unbiased, as long as the endogenous variable is homoscedastic. 

 Confirming the Homoscedasticity of end-of-year scores on Intrinsic Value, Utility 

Value, Expectancy of Success, and Long-term Motivation in mathematics. 

In the context of OLS regression, Bun and Harrison (2018) demonstrated that using an 

interaction term to test the moderation effects of an endogenous variable on a Treatment would 
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provide consistent results assuming two conditions: 1) the Treatment was binary; and 2) the 

endogenous moderator is homoscedastic conditional on the Treatment and on the full set of 

covariates in the model. Further, they presented Monte Carlo simulations confirming that under 

these constraints the interaction term was likely to be unbiased as well as consistent. Finally, 

although additional work has not yet been finalized or published, preliminary Monte Carlo 

analyses indicate that the results can be generalized to multilevel regression, (Bun, personal 

communication, January, 2023).  

Consequently, we investigated the heteroscedasticity of the potentially endogenous 

portion of the moderator variables of interest, i.e., the post-test scores for Intrinsic Value, Utility 

Value, Expectancy of Success, and Long-term Motivation in mathematics.  

We employed a modification of the Breusch and Pagan (BP) test, as updated Koenker 

(1981). The BP test evaluates heteroscedasticity by first regressing the variable of interest on the 

other variables in the model and saving the residuals. The BP test then uses a Chi-square statistic 

with degrees of freedom equal to the number of predictors in the model to evaluate whether the 

same model is a significant predictor of the squared residuals.  If the squared residuals are a 

function of the predictors in the model, then the assumption that the variable is homoscedastic 

can be rejected. This is the method we used.  

First, we used a multilevel model with the same variance components used in our main 

effects analysis to regress each of the potentially endogenous variables in our model (the post-

test scores on intrinsic value, utility value, expectancy of success, and long-term motivation) on 

the following 13 independent variables: indicator variables for PARLO Treatment, for the four 

blocking variables (Catholic School, Charter School, Public School 2011-12, and Public School 

2012-13), for Geometry (vs. Algebra) and for demographic variables White-or-Asian and 
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Female. We included student pretest, student pretest squared, Geometry-times-pretest, and 

Geometry-times-pretest-squared.  Finally, we included school-level proportion disadvantaged.  

We saved the residuals and squared them. 

Finally, we followed procedures described by Raudenbush and Bryk (2002) to test 

whether the squared residuals were related to the thirteen predictor variables in our model.  

Using Maximum Likelihood estimation and the same variance structure, we regressed the 

squared residuals on the thirteen predictor variables. We tested the significance of the 

relationship by subtracting -2 times the Log-likelihood, called the deviance, of the 13-variable 

model from the deviance of a null model using only the variance components.  The test statistic 

was Chi-Square with 13 degrees of freedom.  The results are shown in Table A13. As can be 

seen from the table, we could not reject the assumption of homoscedasticity for any of the four 

variables. 

 
Table      A13 

Heteroscedasticity Check for Post-test Value Variables  
(Significant p-value Indicates Heteroscedastic) 

Variable -2 Log Likelihood, 
null model 

-2 Log Likelihood, 
with 13 Predictors 

Chi-square value 
(13 df) 

p-
value 

Intrinsic Value (Post) 6232.5 6215.6 16.9 0.20 
Utility Value (Post) 5580.2 5564.3 15.9 0.25 
Expectancy of Success (Post) 6025.4 6004.6 20.8 0.08 
Long-term Motivation (Post) 6322.8 6308.4 14.4 0.35 

 

It is important to note here that, when using potentially econometric-endogenous 

variables as moderators, we are generalizing results from OLS regression (Bun and Harrison, 

2018) and applying them to multilevel regression. Preliminary work indicates that the results can 

be generalized to multilevel regression, but this research has not yet been finalized or published 

(Bun, personal communication, January, 2023). Consequently, it is important to conduct a 
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sensitivity analysis to see if we achieve similar findings when using only the endogenous 

baseline scores as moderators.  As explained in the main article, the baseline scores are 

theoretically less important as moderators than are the average scores, and we expected them to 

have a weaker moderation effect, but nevertheless to have an effect in the same direction. 

Sensitivity Analysis using only Baseline Scores as Moderator 

Table A14 reports the results of the sensitivity analysis we conducted using only 

endogenous variables to investigate the moderation effects of student motivation.  As can be seen 

in the table, the point-estimate moderation effects of baseline moderation were somewhat smaller 

but in the same direction as the moderation effects of average moderation across the year, as 

reported in Table 3 of the main article and Tables A15 through A18 below.   The effects, 

however, are not statistically significant at the p=.05 level. 

Table      A14 
Interactions with Treatment Condition: Do Students’ Baseline Perception of Intrinsic 

Value, Utility Value, Expectancy of Success, and Long-term Motivation Moderate 
PARLO’s Impact on Mathematics Achievement? 

Interaction 
 

n 

Effect 
size 

Estimate 
Standard 

Error 

Degrees  
of 

Freedom 
95% conf. 

interval 
p-

value 
PARLO x Baseline Intrinsic Value 2,736 0.06 0.03 2,685 (-0.01, +0.12) 0.11  
PARLO x Baseline Utility Value 2,736 0.08 0.05 2,675 (-0.01, +0.17) 0.088  
PARLO x Baseline Expectancy 2,736 0.08 0.04 2,691 (-0.00, +0.15) 0.052 
PARLO x Baseline Long-term Motivation 2,736 0.06 0.04 2,678 (-0.02, +0.14) 0.13 

Notes: This analysis utilized data from 65 teachers, and 29 schools. “Mathematics Achievement” 
was defined as the Algebra Post-test z-score for algebra students and the Geometry post-test z-
score for geometry students. n = number of students. Reported results controlled for the 
following covariates: Assignment block for randomization; School-level proportion 
disadvantaged; course assignment (geometry or algebra), student-level gender, race, pretest, 
pretest-squared, main effects of baseline scores of the motivation subscale being studied, and 
main effects of the PARLO treatment. 
 

Detailed Expansions of Table 3 in the Main Article, Including Covariate Coefficients and 

Variance Components 
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 Tables A15 through A18 provide an expanded view of the analyses used to produce 

results displayed in Table 3 of the main article, estimating slopes of the covariates, as well as 

standard errors and p-values.   

We caution that covariate slopes in tables A15 through A18 could potentially be biased. 

Based on Bun and Harrison (2018) the interaction terms we were investigating are likely to be 

consistent and unbiased.  However, if the average values for the four motivation related variables 

are in fact econometric-endogenous (i.e., correlated with the error term), we cannot guarantee 

that the other parameter estimates reported in the four tables below will be consistent or 

unbiased. Indeed, Bun and Harrison (2018) found that, unlike the interaction effect presented in 

bold, in each table the estimated slopes for the main effects of the motivation variable and of 

Treatment are likely to be biased.   

Table A15 

 PARLO x Intrinsic Value Interaction Effect on Content Knowledge 

Fixed Effects Estimate 
Standard 

Error 
Degrees of 
Freedom p-value 

Intercept -0.65 0.13 19 <.0001 
PARLO Treatment  0.32 0.12 14 .021 
Catholic Girls’ School 0.33 0.22 20 .14 
Charter School -0.02 0.28 30 .96 
Cohort 2 Public School, 2011-2012 school 
year 

0.26 0.15 14 .11 

Cohort 2 Public School, 2012-2013 school 
year 

0.37 0.15 14 .030 

Geometry Student 0.05 0.18 77 .77 
White or Asian  0.17 0.04 2,444 <.0001 
Female  0.10 0.03 2,463 .0018 
Pretest 0.27 0.02 2,505 <.0001 
Pretest Squared 0.03 0.01 2,467 .035 
Geometry x Pretest 0.23 0.06 2,512 .0002 
Geometry x Pretest-squared -0.02 0.04 2,490 0.48 
School Proportion Disadvantaged -0.58 0.24 12 .03 
Intrinsic Value (baseline & post average) 0.17 0.03 2,486 <.0001 
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PARLO x Intrinsic Value Interaction 0.09 0.04 2,483 .026 
Random Effects # Observations Variance  
School 29 0.03  
Course x Teacher x Year 81 0.13  
Residual 2,529 0.52  
Notes: This analysis utilized data from 2,529 students, 62 teachers, and 29 schools.  
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Table A16 

 PARLO x Utility Value Interaction Effect on Content Knowledge 

Fixed Effects Estimate 
Standard 

Error 
Degrees of 
Freedom p-value 

Intercept -0.65 0.13 18 <.0001 
PARLO Treatment  0.33 0.12 13 .019 
Catholic Girls’ School 0.28 0.22 20 .21 
Charter School 0.01 0.29 30 .96 
Cohort 2 Public School, 2011-2012 school 
year 

0.27 0.15 13 .10 

Cohort 2 Public School, 2012-2013 school 
year 

0.38 0.15 13 .026 

Geometry Student 0.09 0.18 78 .62 
White or Asian  0.17 0.04 2,437 <.0001 
Female  0.08 0.03 2,467 .017 
Pretest 0.29 0.02 2,508 <.0001 
Pretest-squared 0.03 0.01 2,470 .034 
Geometry x Pretest 0.25 0.06 2,515 <.0001 
Geometry x Pretest-squared -0.03 0.04 2,492 .47 
School % Disadvantaged -0.59 0.23 11 .027 
Utility Value (baseline & post average) 0.10 0.04 2,485 .0069 
PARLO x Utility Value Interaction 0.11 0.05 2,483 .028 
Random Effects # Observations Variance  
School 29 0.03  
Course x Teacher x Year 81 0.14  
Residual 2,532 0.54  
Notes: This analysis utilized data from 2,532 students, 62 teachers, and 29 schools.  
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Table A17 

 PARLO x Expectancy of Success Interaction Effect on Content Knowledge 

Fixed Effects Estimate 
Standard 

Error 
Degrees of 
Freedom p-value 

Intercept -0.66 0.13 18 <.0001 
PARLO Treatment  0.33 0.12 13 .020 
Catholic Girls’ School 0.34 0.22 19 .13 
Charter School -0.00 0.28 29 .99 
Cohort 2 Public School, 2011-2012 school 
year 

0.24 0.15 13 .13 

Cohort 2 Public School, 2012-2013 school 
year 

0.35 0.15 13 .039 

Geometry Student 0.05 0.18 78 .79 
White or Asian  0.17 0.04 2,441 <.0001 
Female  0.14 0.03 2,464 <.0001 
Pretest 0.25 0.02 2,504 <.0001 
Pretest-squared 0.02 0.01 2,466 .041 
Geometry x Pretest 0.23 0.06 2,513 .0001 
Geometry x Pretest-squared -0.02 0.03 2,489 .53 
School % Disadvantaged -0.56 0.23 12 .035 
Expectancy (baseline & post average) 0.24 0.03 2,484 <.0001 
PARLO x Expectancy Interaction 0.13 0.04 2,488 .002 
Random Effects # Observations Variance  
School 29 0.03  
Course x Teacher x Year 81 0.13  
Residual 2,529 0.51  
Notes: This analysis utilized data from 2,529 students, 62 teachers, and 29 schools 
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Table A18 

 PARLO x Long-term Motivation Interaction Effect on Content Knowledge 

Fixed Effects Estimate 
Standard 

Error 
Degrees of 
Freedom p-value 

Intercept -0.65 0.13 19 <.0001 
PARLO Treatment  0.33 0.12 14 .018 
Catholic Girls’ School 0.28 0.22 20 .22 
Charter School 0.00 0.29 30 .99 
Cohort 2 Public School, 2011-2012 school year 0.26 0.15 13 0.11 
Cohort 2 Public School, 2012-2013 school year 0.37 0.15 13 0.029 
Geometry Student 0.07 0.18 78 .70 
White or Asian  0.17 0.04 2,445 <.0001 
Female  0.08 0.03 2,468 .0079 
Pretest 0.29 0.02 2,510 <.0001 
Pretest-squared 0.03 0.01 2,471 .033 
Geometry x Pretest 0.23 0.06 2,517 <.0001 
Geometry x Pretest-squared -0.03 0.04 2,4984 0.47 
School % Disadvantaged -0.59 0.24 12 .028 
Long-term Motivation (baseline & post average) 0.13 0.03 2,489 .0002 
PARLO x Long-term Motivation Interaction 0.07 0.04 2,485 .13 
Random Effects # Observations Variance  
School 29 0.03  
Course x Teacher x Year 81 0.14  
Residual 2,533 0.54  
Notes: This analysis utilized data from 2,564 students, 62 teachers, and 29 schools 
  
Benjamini-Hochberg (BH) Corrections to Account for Multiple Comparisons 

The statistical significance of findings and the number of Type I errors (incorrect 

rejections of the null hypotheses) may be inflated when an analysis conducts multiple hypothesis 

tests simultaneously. The traditional way of addressing this issue is to employ the Bonferroni 

adjustment, which modifies the critical p value for the hypothesis test to p/m, where m is the 

number of hypothesis tests being made. The Bonferroni adjustment controls the family-wise 

error rate, which keeps the probability of at least one Type I error to less than the critical value, 

p.  
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Following DOE (2020) we used the less conservative Benjamini-Hochberg (BH) 

procedure, which controls the false discovery rate, which keeps the expected proportion of 

“statistically significant” results that are Type I errors (i.e., false rejections of the null) to less 

than the critical value, p. In many situations, the BH procedure is more intuitively appealing than 

the Bonferroni. For example, using Bonferroni to control for familywise error rate, if researcher 

A conducted one significance test of a null hypothesis at the .05 level and achieved p = .04, 

researcher A would report significant results. Meanwhile, if researcher B conducted five 

significance tests of null hypotheses at the .05 level and all five results achieved p-values 

between p = .01 and p = .04, then using a Bonferroni adjustment researcher B would report “no 

significant results”. The BH procedure, by controlling for false discovery rate instead of family-

wise error rate, avoids this type of problem.  

To perform the BH procedure on N hypothesis tests, one first ranks the hypothesis tests in 

ascending order of statistical significance. For each of our N tests, one then adjusts the critical 

value to be 0.05 * m/N, where m was the rank-order of the hypothesis test’s p-value. If the p-

value for any of the tests is less than its critical value, we conclude that that test and all tests with 

lower p-values are statistically significant. Doing this ensures that the expected proportion of 

Type I errors (false discovery rate) will be less than 5%.  

We conducted three BH analyses. The first investigated the significance of Treatment x 

Covariate Interaction effects on student mathematics achievement. These analyses were done by 

adding interactions, one at a time, to the analysis reported in Table 1 of the main article. See 

Table A19 below. The second BH analysis investigated the significance of Treatment x 

Covariate interactions on our four motivation-related variables. These analyses were done by 
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adding interactions, one at a time, to the analyses reported in Table A9 above and summarized in 

Table 2 of the main article.  See the discussion below.  

The third BH analysis investigated the significance of the four moderation effects 

reported in Tables A15 through A18 above and summarized in Table 3 of the main article. See 

Table A20 below. 

BH Analysis of Interaction Effects on Content Post-test Scores. There were five 

possible interaction effects on student mathematics achievement. The p-values for each are 

reported in Table A19 below.  As can be seen, after controlling for the false discovery rate, none 

of the interactions achieved significance at the 0.05 level, or indeed at the 0.10 level. 

Table      A19 
BH Adjustment to Test Treatment x Covariate Interaction Effects on Our Achievement 

Measures 

Interaction variable used to test 
moderation 

p-value from 
Table 3 of 

main article 

BH 
critical 
value 

.05 level 

BH 
critical 
value 

.10 level 
Baseline Expectancy of Success x PARLO 0.052 .01 .02 
Geometry Student x PARLO 0.056 .02 .04 
Female x PARLO 0.183 .03 .06 
White-or-Asian x PARLO 0.586 .04 .08 
Pretest x PARLO 0.866 .05 .10 

 

BH Analysis of Interaction Effects on Intrinsic Value, Utility Value, Expectancy of 

Success, and Long-term Motivation in Mathematics. There were 32 possible interaction 

effects on student measures of long-term motivation or motivational antecedents, 8 per 

dependent variable. Of the 32 interactions, the most significant had a p-value of .054, so clearly 

none of the interactions came close to meeting the BH criterion for significance after controlling 

for false discovery. We did not prepare a table reporting the 32 p-values, because this particular 

set of interactions was so clearly non-significant.  
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BH Analysis of Interaction Effects on Content Post-test Scores. There were four 

possible interaction effects on student mathematics achievement. The p-values for each are 

reported in Table A20 below. As can be seen in the table, the p-value for the Utility x PARLO 

interaction, at .028, was smaller than the BH critical value for significance while maintaining a 

false-discovery rate of p = .05. Consequently, we concluded that Utility Value moderated 

PARLO effects on academic achievement to a statistically significant extent, as did all 

moderation effects with smaller p-values, i.e., Intrinsic Value x PARLO and Expectancy of 

Success x PARLO. 

 

Table      A20 
BH Adjustment to Test Moderation Effects 

Interaction variable used to test moderation 
p-value from Table 3 

of main article 
BH critical 

value, .05 level 
Expectancy of Success x PARLO .0019 .0125 
Intrinsic Value x PARLO .026 .025 
Utility Value x PARLO .028 .0375 
Long-term Motivation x PARLO .13 .05 
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Addendum 1: Algebra Post Test 

 

  



44 
 

 

 



45 
 

 



46 
 

 



47 
 

 



48 
 

 



49 
 

 



50 
 

 
  



51 
 

Addendum 2: Geometry Post Test 
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Addendum 3: ATMI Subscales 
ENJOYMENT (measures “intrinsic value”) 
9. Mathematics is one of my most dreaded subjects. (R) 
12. Mathematics makes me feel uncomfortable. (R) 
13. I am always under a terrible strain in a math class. (R) 
14. When I hear the word mathematics, I have a feeling of dislike. (R) 
24. I have usually enjoyed studying mathematics in school. 
26. I like to solve new problems in mathematics. 
27. I would prefer to do an assignment in math than to write an essay. 
29. I really like mathematics. 
30. I am happier in a math class than in any other class. 
31. Mathematics is a very interesting subject. 
SELF CONFIDENCE (measures “expectancy”) 
10. My mind goes blank and I am unable to think clearly when working with mathematics. (R) 
11. Studying mathematics makes me feel nervous. (R) 
15. It makes me nervous to even think about having to do a mathematics problem. (R) 
16. Mathematics does not scare me at all. 
17. I have a lot of self-confidence when it comes to mathematics. 
18. I am able to solve mathematics problems without too much difficulty. 
19. I expect to do fairly well in any math class I take. 
20. I am always confused in my mathematics class. (R) 
21. I feel a sense of insecurity when attempting mathematics. (R) 
22. I learn mathematics easily. 
23. I am confident that I could learn advanced mathematics. 
28. I would like to avoid using mathematics in college. (R) 
37. I am comfortable expressing my own ideas on how to look for solutions to a difficult 
problem in math. 
38. I am comfortable answering questions in math class. 
40. I believe I am good at solving math problems. 
VALUE (measures “utility value”) 
1. Mathematics is a very worthwhile and necessary subject. 
4. Mathematics helps develop the mind and teaches a person to think. 
5. Mathematics is important in everyday life. 
6. Mathematics is one of the most important subjects for people to study. 
7. High school math courses would be very helpful no matter what I decide to study. 
8. I can think of many ways that I use math outside of school. 
25. Mathematics is dull and boring. (R) 
35. I think studying advanced mathematics is useful. 
36. I believe studying math helps me with problem solving in other areas. 
39. A strong math background could help me in my professional life. 
MOTIVATION (measures “long term motivation”) 
2. I want to develop my mathematical skills. 
3. I get a great deal of satisfaction out of solving a mathematics problem. 
32. I am willing to take more than the required amount of mathematics. 
33. I plan to take as much mathematics as I can during my education. 
34. The challenge of math appeals to me. 
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Addendum 4A: PARLO Fall 2010 Teacher interview protocol 
 
Observed math class 

1. What were your goals for today’s math class? Going over slope ideas 
2. How did you/do you assess whether or not you were meeting/met your goals? You can’t- 

it is tough to figure out with a group like this 
3. Were today’s goals in any way informed by yesterday’s class? If so, in what ways? – we 

had a short class yesterday [due to ice] so we had to finish yesterday’s class today 
4. Did you have different goals for different students? If so, describe that to me? 
5. Did you adjust your instruction in any way today? If so, tell me about it. 

 
PARLO check-in 

6. With regards to PARLO, what is going well?  
7. What is challenging and/or frustrating you about PARLO? [Probe to see if what kind of 

“challenge” it is – procedural, technical, philosophical, structural, etc., and whether it has 
been resolved.] 
  

Students and PARLO 
8. How are your students responding to PARLO? 
9. What has challenged your students? 

What has gone smoothly for them?  
10. Does student engagement “look” different? By that, I mean are students interacting with 

math, with you, with each other differently under PARLO? Do you sense that there is 
more student ownership for both learning the material and turning “NYPs” into “Ps” or 
greater? 

11. Think of one student in the class in the class I observed that you think has really 
benefitted from PARLO. Could you describe that child to me, and how you think PARLO 
has aided him/her in learning math? Conversely, is there a child in your class who has not 
benefitted from PARLO? Describe that child to me.  

12. Do you know if students are logging onto EASE*?  
13. Are your students using PARLO language? That is, do you hear them talking about being 

“NYP” or wanting to move from “P” to “HP”? If they are using PARLO language, when 
did you first notice it? 
 

Instructional Practices 
14. In what ways has your instruction changed as a result of PARLO? [Or has it changed? 
15.  In what way has the feedback you give to students changed as a result of PARLO? 

  
Parents/Guardians and PARLO 

16. Have you had any feedback from parents/guardians? If so, what are you hearing from 
parents/guardians and how have you responded? 

17. Do you know if parents/guardians are logging onto EASE? (This assumes that logging in 
is possible.)  NO 

 
Professional Learning Communities 
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18. A big component of the study is the creation of PLCs. What are your expectations for 
these monthly meetings? 

19. Do teachers in your math department routinely collaborate together? If so, what does that 
collaboration look like? Do you find yourself interacting more with your colleagues, 
about the same, or less under PARLO? 

20. Do math teachers share a common planning time? 
 

Summer Training  
21. What was helpful?  
22. What was not helpful?  
23. What would you have liked to have learned that wasn’t provided?  
24. Would you rearrange anything in the sequence of the training? 
[Other comments?]  

 
* EASE was the online performance tracker used in fall, 2010. Later interviews asked about the 
replacement system, PARLO Tracker. 
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Addendum 4B: PARLO Exit Interview for Teachers 
 
 
Questions A and B were administered only in Year 2.  
 

A. You’ve been in the PARLO study for two years now, and this year marks the end of your 
obligation. Why did you decide to continue (not to continue) with PARLO for a third 
year?  
 
 

B. (if school will be implementing in Year 3). What reservations if any did you have about 
signing up for a third year?   

 
   
 
Reflections 
 

1. Thinking back to the professional development you received, including the summer 
professional development, and the monthly PLCs, do you feel that this was sufficient or 
not to implement PARLO? And if not, what do you think was missing from it? 

 
 

2. Can you describe for me the routines or practices you’ve implemented or adopted to 
support PARLO that you think you will continue to use in the future? 

 
3. Do you use any of the PARLO techniques in your non-PARLO classrooms? 

 
 
 

 
Students 

 
4. What changes have you made to the feedback that you give students? And can you share 

an example? Are you writing more on tests? 
 

 
5. How about challenges you had implementing PARLO. Can you tell me about some of 

them and how you have addressed them? 
 

 
6. How about successes? Can you think of any student this year that particularly benefited 

from PARLO? 
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7. In what way has participating in PARLO changed your thinking about how 9th graders 
learn math? 

 
8. What about student learning? Do you think being in a PARLO classroom has deepened 

your students’ mathematical learning and understanding?  If so, can you describe a 
couple of examples?  

 
 

9. Do you think PARLO has made your students more responsible?  If so, in what ways? 
Can you share some examples? 
 

10. What aspects of PARLO have been the most frustrating or challenging for the students? 
 

Parents/Guardians 
 

11. Tell me about your parents or guardians, how have they responded this year? 

 
12. In PARLO classrooms, parents and guardians are supposed to have more information on 

what their child knows and where they need to focus, do you think your parents have 
acted on this additional information? 
 

13. How useful was the progress tracker during this project? 
 

School Leadership 
 

14. What kinds of support have you had from your principal and other school leaders in 
implementing PARLO? 

15. So is there anything ideally that you think principals should be doing? 
 

16. We gave a copy of the book Embedded Formative Assessment, has she mentioned it to 
you? Do you know if she read it? 
 

17. In thinking about how to sustain this work, how to keep it going after the project ends, 
what do you think is needed at the classroom, school, and district levels?  
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Addendum 5: Open-Ended Student Survey 
 

1. How would you describe PARLO to next year’s 9th grade students? 
2. What do you like about PARLO?  
3. What do you not like about PARLO?  
4. Would you like to have PARLO next year?  
5. If yes, would you like it for just Math or All subjects?  
6. About how often did you log on to Tracker?  
7. If you logged on to Tracker, where did you log on?  
8. Anything else you want to tell us about Tracker? 
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