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Abstract Body
Background/context:
This presentation focuses on an initial evaluation study of Math Recovery (MR), a pullout, oneto-one tutoring program that has been designed to increase mathematics achievement among
low-performing first graders, thereby closing the school-entry achievement gap and enabling
participants to achieve at the level of their higher-performing peers in the regular mathematics
classroom. Following Cordray and Morphy (2009), our goal was not merely to assess whether
MR works, for whom, under what circumstances. We also attempted to understand how and why
the program works to produce particular outcomes (cf. Clements, 2007). In addition, we illustrate
that assessments of implementation fidelity can help identify aspects of an intervention that need
improving. Assessments of implementation fidelity in turn require that the evaluation begins
with a “well-stated set of expectations about how the intervention is supposed to work, its
underlying logic, and rationales for how and why these actions will produce the desired
enhancements in student learning, motivation, and achievement” (Hulleman & Cordray, 2009, p.
90).
The rationale for the evaluation study is grounded in the well-documented finding that children
enter school at a wide range of mathematical abilities (Baroody, 1987; Dowker, 1995; Gray,
1997; Griffin & Case, 1999; Housasart, 2001; Wright, 1991, 1994a; Young-Loverage, 1989). A
study conducted by Aunola, Leskinen, and Lerkkanen (2004) found that, in the absence of
intervention, the initial gap in mathematics achievement continues to widen. Furthermore,
Duncan, Claessens, and Engel’s (2004) analysis of ECLS-K indicated that pre-K mathematical
ability is highly predictive of achievement at the end of first grade, and Princiotta, Flanagan, and
Germino Hausken’s (2006) analysis of the same data set revealed that achievement gaps are still
prevalent in fifth grade. They found that 67% of students who scored in the top third in their
kindergarten year did so again six years later, and that those among the lowest third in 1998
generally scored low in 2004. Taken together, these findings emphasize that identifying effective
methods for closing the pre-K gap is an pressing policy concern (McWayne, Fantuzzo, &
McDermott, 2004). Using an experimental design, we assessed the effectiveness of MR in
improving mathematics achievement of low performing first grade students and examined
whether gains made in first grade were maintained through the end of second grade.
As we clarify below, MR tutoring is a demanding form of practice in which tutors are expected
to adjust instruction to the current level of a student’s thinking at any given point in time. The
teacher development literature suggests that teachers can learn in the context of their practice,
often as they attempt to understand students’ reasoning and adjust instruction accordingly
(Franke, Carpenter, Fennema, Ansell, & Behrend, 1998). In other words, the effectiveness of
MR tutoring may improve as the tutors gain additional experience with the intervention. Thus,
although it might be important to select tutors based on their initial knowledge and skills, it is
also essential to consider the extent to which tutors can develop the necessary knowledge as they
enact MR. This necessary knowledge includes mathematical knowledge for teaching (MKT)
(Hill, Rowan, & Ball, 2005). MKT denotes a form of mathematical knowledge that is specific to
problems and decisions that arise in the practice of teaching. A priori, MKT appeared to be
central to MR because tutors are expected to assess and build on students’ current reasoning. A

2010 SREE Conference Abstract Template

1

second aspect of the necessary knowledge concerns tutors’ knowledge of the MR Learning and
Instructional Frameworks in Number (LFIN and IFIN, respectively). A primary goal of MR
training is to enable tutors to understand these frameworks, and to use them in their tutoring
practice. The frameworks lay out developmental trajectories for students in early number
learning and suggest instructional activities to support students at various points along those
trajectories. A tutor’s ability to understand and use the frameworks is therefore integral to
effective implementation of MR. Thus we examine both the impact of tutors initial MKT, LFIN,
and IFN knowledge on their tutoring effectiveness and whether increases in tutors’ knowledge in
these areas over the course of the study is associated with increasing effectiveness in their
tutoring.
It is widely acknowledged that claims of treatment effectiveness may be unjustified and invalid
unless the degree to which programs are implemented as intended is defined and assessed
(Dusenbury, 2003; O’Donnell, 2008). However, little is known regarding the feasibility of
assessing the implementation fidelity of unscripted interventions such as MR, where measuring
fidelity requires the identification and operationalization of complex, often implicit facets of the
intervention (Cordray & Pion, 2006). As part of the study, we measured the implementation
fidelity of MR tutoring and will eventually link the measures to student outcomes.
Purpose / objective / research question / focus of study:
Our research questions were as follows:
1. Does participation in MR raise the mathematics achievement of low performing first-grade
students?
2. If so, do participating students maintain the gains made in first grade through the end of
second grade?
3. Do initial differences in tutor knowledge (both MKT and knowledge of MR frameworks)
persist as tutors gain experience with MR and learn through practice?
4. To what extent does fidelity of implementation influence the effectiveness of MR?
Setting:
The two-year evaluation of Math Recovery was conducted in 20 elementary schools (five urban,
ten suburban, and five rural) from five districts in two states. Each was a ‘fresh site’ in that the
program was implemented for the first time for the purposes of the study.
Population / Participants / Subjects:
Students were selected for participation at the start of first grade based on their performance on
MR’s screening interview and follow-up assessment interview. The screening is designed to
select the lowest achieving first graders (25th percentile and below) in terms of math
achievement. The number of students eligible for tutoring ranged from 17 to 36 across the 20
schools. The number of study participants before attrition totaled 517 in Year 1 and 510 in Year
2, of which 172 received tutoring in Year 1 and 171 received tutoring in Year 2.
We recruited 18 teachers to receive training and participate as MR tutors. Sixteen of the tutors
received half-time teaching releases to serve one school each; two of the tutors received full-time
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teaching releases to serve two schools each.
Intervention / Program / Practice:
MR consists of three components: 1) tutor training, 2) student identification and assessment, and
3) one-to-one tutoring. The first component of the MR program, tutor training, involves 60
hours of instruction provided by an MR leader. The goal of this training is to support tutors’ in
learning new practices for clinical assessment and intervention teaching in which they use the
MR Learning Framework and the Instructional Framework to adjust instruction based on
cognitive evaluations of student responses. The tutors participating in the study were trained by
MR personnel at two sites in different states.
In the second component of the program, the tutor conducts an extensive video-recorded
assessment interview with each child identified as eligible for the program. The tutor analyzes
these video-recordings to develop a detailed profile of each child’s knowledge of the central
aspects of arithmetic using the MR Learning Framework, which provides information about
student responses in terms of levels of sophistication.
The third component of the program, one-to-one tutoring, is diagnostic in nature and focuses
instruction at the current limits of each child’s arithmetical reasoning. Each selected child
receives 4 or 5 one-to-one tutoring sessions of 30 minutes each week for approximately 11
weeks. The tutor’s selection of tasks for sessions with a particular child is initially informed by
the assessment interview and then by ongoing assessments based on the student’s responses to
prior instructional tasks. The Learning Framework that the tutor uses to analyze student
performance is linked to the MR Instructional Framework that describes a range of instructional
tasks organized by the level of sophistication of the students' reasoning together with detailed
guidance for the tutor.
Research Design:
The structure of the MR program allowed us to use the fact that two thirds of the participating
students have their treatment delayed by either 11 or 22 weeks to establish an experimentally
assigned control group for each cohort of participants consisting of both students whose
treatment has not yet begun and a small number of students who are on a “wait list” for
treatment. By randomly assigning the students selected for participation in the study each year to
one of the three treatment cohorts or the wait list, we could establish the essential characteristics
of an experimental design.
To study teacher knowledge and learning, we assessed tutors at three time points with a measure
of their MKT developed by Ball, Hill and colleagues (e.g., Hill, Ball, & Schilling, 2008), and a
measure of their knowledge of the MR Learning and Instructional Frameworks constructed in
collaboration with the developers of the MR program.
As part of their standard practice, MR tutors video-record all tutoring sessions in order to plan
for subsequent sessions. In the presentation, we will describe both the iterative process by which
we developed an instrument for assessing the fidelity of implementation of MR tutoring, and the
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process by which we validated the instrument by comparing ratings on a subset of the videorecorded tutoring sessions with the assessments of 30 MR experts. We will also describe how we
trained coders until agreement reached an adequate level (80%). The coders are currently coding
a randomly selected 20% of the video-recorded tutoring sessions.
Data Collection and Analysis:
Each of the students participating in the study were assessed using alternating forms of the
Applied Problems, Quantitative Concepts, and Fluency subtests of the Woodcock Johnson III
Achievement (WJ III) subtests, as well as the MR proximal instrument, an assessment based on
the learning framework that we designed in consultation with the program developers, at the start
of the study and when each cohort entered or exited tutoring in December, March, and May.
Wait list students took the Fluency subtest of the WJ III at the same time as each cohort entering
treatment, as well as the full battery of other WJ III and MR proximal assessments at the start
and end of the school year.
Our research design allowed us to describe and compare the growth trajectories of treatment and
control cohorts across the whole school year, punctuated at the end of each 11-week period by
the students completing MR tutoring. To estimate these growth trajectories, we used 3-level
hierarchical linear growth models (Raudenbush and Bryk, 2002; Singer and Willett, 2002) with
repeated observations of WJ III scores or MR proximal scores indexed by time, time since
starting MR, and time since completing MR at level 1, student level demographics at level 2
(e.g., gender, minority status), and school characteristics at level 3. To assess whether gains
made in MR tutoring are maintained after the tutoring is completed, a time varying covariate that
counts the number of days after a student completes MR. Although the results presented here are
only for the first year cohort in this study, the paper presented at SREE will include end of
second grade data for Cohort 1 and end of first grade data for Cohort 2. We are particularly
interested in testing the hypothesis that the gains made from participation in MR are maintained
through the end of second grade.
The tutors were assessed using the externally validated LMT assessment to measure their MKT
and an internally designed Tutor Knowledge Assessment (TKA) to assess their knowledge of the
MR frameworks. The assessments were given at end of MR training, end of year 1, and end of
year 2. The analysis of these data used a one-way analysis of variance (ANOVA) where the
predictor was training site (as noted above, there were two training sites). ANOVA was used to
test for a difference between means of the two groups on both the TKA and the LMT at time 1
and at time 3.
Findings / Results:
The first year results show a small to moderate effect of participation in MR on WJ III scores and
moderate to large effects on the MR proximal assessments. Differences in the end of first grade
mean scores on the WJ III subtests between students selected for tutoring and those on the
waitlist ranged in effect size from .21 on the quantitative concepts scale to .28 on the applied
problems scale (all differences statistically significant at the p<.05 level). Effect sizes on the MR
proximal measures ranged from .34 on the forward number sequence scale to .92 on the
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arithmetic strategies measure. These results compare favorably to those reviewed recently by
Slavin and Lake (2006), including several cooperative learning programs that had median effect
sizes of at least +0.30). However, a meta-analysis of 52 studies on the relationship between
tutoring and student achievement (Cohen, Kulik, and Kulik, 1982) found average effect sizes
greater than .40—higher than MR effects on the WJ III measures but lower than effects on some
of the more proximal assessments. Results from the growth models show increases in
mathematics achievement for MR participants across all assessments during the tutoring period
(with p<.05 in each case), although this growth rate tends not to be maintained after completion
of MR.
With regard to the tutors, there is a significant difference between the two training sites at time 1
on the LMT (F=7.81, p = 0.013) and on the TKA (F=15.18, p=0.0013), indicating that the tutors
at one site were initially more knowledgeable in their MKT and also learned more about the MR
frameworks from the initial MR training. However, at the end of the study there were no
significant differences between these groups on either measure (LMT: F=3.55, p=0.08 & TKA:
F= 1.36, p=0.26). This lack of difference between groups at the end of the study was due to a
steeper increase in knowledge at the second site. We will present data on the relationship
between tutor LMT and TKA scores during the presentation.
Conclusions:
The positive causal effect of MR tutoring demonstrates that programs that are diagnostic rather
than scripted in nature can overcome fidelity concerns and have an impact on student early
mathematics performance. Our findings therefore indicate that investing in tutors' knowledge of
student reasoning and pedagogical content knowledge can pay off in terms of improvement in
student's mathematical learning, particularly if tutors use carefully designed tools such as the MR
Learning and Instructional Frameworks. With regard to policy, our finding that the MR program
can reduce some of the pre-K mathematics achievement gap provides an initial indication that
the cost of the program per student might be justified, although further work is needed to
understand why initial gains made by participants appear to diminish after tutoring ends. It is
possible that the forms of arithmetic reasoning that MR develops needs to be further supported in
the regular classroom to see the full benefit of this form of tutoring.
The results concerning the tutors’ mathematical knowledge and knowledge of the MR
Frameworks have two implications for policy and for future studies of this intervention. First,
tutors who had higher MKT at the outset also had higher scores on the TKA, suggesting that
tutors with more math knowledge for teaching may learn more from the initial MR training,
potentially making them better choices for tutoring early on. Second, the initial differences did
not persist between groups after two years of tutoring experience, indicating that tutors can and
do grow in their understanding of the MR frameworks and also in their math knowledge for
teaching through their MR tutoring practice. As a consequence, any limitations in the MR
program indicated by the second-year findings cannot be attributed to tutors’ lack of knowledge
of the Frameworks. An implication for policy and adoption of MR is that while initially tutors
might struggle to learn the MR Frameworks, their knowledge of the both the Frameworks and
their MKT will likely improve with experience with the program.
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The findings from our fidelity study suggest that it is possible to create a reliable instrument to
measure implementation fidelity for differentiated interventions, an endeavor that has typically
been largely avoided in evaluations of educational interventions. Many potentially high-quality
interventions are un-scripted and instead rely on teacher knowledge and professional
development. Because the fidelity measures are reliable and true to program components, we
will be able to link measures of treatment integrity to outcomes, further clarifying how and why
MR to produce particular outcomes (Cordray & Pion, 2006). Critical aspects of the process
included 1) the identification of the core implementation components of the intervention (Fixsen
et al., 2005); 2) operationalization of those components; 3) training of coders in both the
program itself and the coding schemes; and 4) collaborating with the coding team to further
refine coding decisions.
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