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Abstract

This study examined the role of initial skill in moderating intervention effects of a 50-lesson
mathematics intervention program, ROOTS, for at-risk kindergarten students focused on
developing whole-number concepts and skills. The study utilized a randomized block design
with at-risk students (n = 592) within classrooms (n = 60) randomly assigned to one of two
treatment conditions (a small group of two to five students) or control condition. Proximal and
distal measures were collected in the fall (pretest), spring (posttest), and winter of first grade
(delayed posttest). Analyses examined the moderating effects of initial student achievement
level on mathematics outcomes. Results indicated that initial skill moderated student outcomes
but the relationship did not differ by group size. Implications for tiered mathematics instruction

are discussed.

Concern with the mathematics thinking and
knowledge of students in the U.S. educational
system has been a prominent issue extending
back to the start of the century (National
Research Council, 2001). Driven partly by
concerns for international competitiveness
and forecasted growth within mathematics-
related fields (National Science Board, 2008),
efforts to improve mathematics instruction
have garnered increased national attention
(National Mathematics Advisory Panel, 2008)
and resulted in greater expectations for all stu-
dents (Common Core State Standards Initia-
tive, 2010). To some extent, those efforts have
been successful, with relatively consistent and
sustained improvements on national assess-
ments of mathematics achievement (National
Center for Education Statistics, 2015). How-
ever, overall levels of proficiency remain low,
with persistent gaps remaining for minority

students, students with disabilities, and Eng-
lish language learners.

Given the current state of mathematics
achievement and an understanding that long-
term mathematics difficulties begin early
(Jordan, Kaplan, & Hannich, 2002) and are
relatively intractable (Duncan et al., 2007;
Morgan, Hillemeier, Farkas, & Macuga,
2014), there has been increasing interest in
ensuring that early elementary students are
exposed to and learn foundational mathemat-
ics content (Frye et al., 2013). To that end,
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several intervention programs have been
developed and studied focused on transition-
ing students’ early understanding of number
(Berch, 2005; Gersten & Chard, 1999) to for-
mal school mathematics. As called for by
experts in the field (Gersten et al., 2009),
intervention programs have focused on build-
ing an understanding of whole-number con-
tent and the use of systematic and explicit
instructional design and delivery principles
(Archer & Hughes, 2011). The result has been
an emerging and growing research base on
intervention programs targeting kindergarten
whole-number content (e.g., Clarke, Doabler,
Smolkowski, Baker, et al., 2016; Dyson,
Jordan, & Glutting, 2013). Across these pro-
grams, results showed generally positive
significant affects on student mathematics
outcomes, demonstrating that targeted inter-
vention can be effective in teaching students
essential whole-number concepts and skills.

Understanding Response Variation

While significant advances have been made
in the development and validation of early
mathematics intervention programs, challenges
remain in ensuring that the learning needs of all
students are met. A range of studies have consis-
tently documented that between 5% and 10% of
the school-age population is classified as hav-
ing persistent low achievement in mathematics
(e.g., Geary, 2011). For this set of students in
particular, the need for effective intervention is
paramount. However, emerging evidence sug-
gests that not all students will respond to a
generally effective intervention program. For
example, L. S. Fuchs, Fuchs, and Compton
(2012), summarizing a program of research on
the efficacy of mathematics tutoring, estimated
that the modal rate of unresponsiveness to well-
designed mathematics interventions that were
implemented with fidelity was approximately
4% of all students. Within a response-to-inter-
vention model (RTI) or multitier-system-of-
support (MTSS) model of service delivery, it is
assumed that as students exhibit nonresponse,
instruction is altered to provide a more targeted
intensive experience (National Center on
Response to Intervention, 2010).

One proposed mechanism to accomplish
this goal is to gain a better understanding of
what student-level variables, including aca-
demic, cognitive, and behavioral, are associ-
ated with unresponsiveness to generally
efficacious Tier-2 interventions (Miller,
Vaughn, & Freund, 2014). Such insight might
enable the deployment of more efficient
screening systems and serve to inform the
design and delivery of instruction that meets
the needs of students through customized or
more intensive interventions to address the
specific at-risk student’s needs (L. S. Fuchs,
Fuchs, & Compton, 2013). Given that schools
often struggle to implement RTI (Balu et al.,
2015) as theoretically conceptualized, includ-
ing implementing all three tiers of RTI sys-
tems with fidelity, schools may benefit from
more straightforward systems of RTI or
MTSS that allow for students to be screened
directly into intensive, customized interven-
tion (D. Fuchs & Fuchs, 2017).

One proposed mechanism to
accomplish this goal is to gain a
better understanding of what
student-level variables, including
academic, cognitive, and
behavioral, are associated with
unresponsiveness to generally
efficacious Tier-2 interventions
(Miller, Vaughn, & Freund, 2014).

Research in reading has shown that stu-
dents’ responsiveness to intervention can be
predicted by performance on measures of
specific reading-related domains (i.e., word
identification, alphabetic principle, fluency,
and phonemic awareness) prior to interven-
tion (Lam & McMaster, 2014). In recent
years, researchers have also started to exam-
ine student characteristics associated with
lack of responsiveness to intervention in
mathematics; however, a paucity of research
remains in this area. Toll and Van Luit (2013)
examined the effects of a kindergarten math-
ematics intervention, looking specifically at
effects for subgroups of students with low
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(between the 25th and 50th percentiles) and
very low (below the 25th percentile) early
numeracy skills. Analyses showed that the
intervention was effective only for students
who scored between the 25th and 50th per-
centiles on pretest measures of early numer-
acy and was not beneficial for students with
very low early number ability (<25th percen-
tile) at the start of the intervention. Similarly,
L. S. Fuchs, Sterba, Fuchs, and Malone
(2016) examined whether responsiveness to a
fraction intervention was associated with
start-of-fourth-grade whole-number calcula-
tion skill. The authors did not find a signifi-
cant moderator effect on posttest fraction
understanding or calculation performance. In
contrast, L. S. Fuchs, Malone, et al. (2016)
determined that responsiveness to fraction
word-problem intervention was associated
with start-of-fourth-grade reasoning ability.
Although most students responded ade-
quately to the intervention, those with very
low reasoning scores did not.

Ultimately, this body of research suggests
that a greater understanding of student-level
characteristics predictive of responsiveness to
intervention can allow for more efficient and
effective procedures for screening students.
There is a small body of research that suggests
screening students into more intensive inter-
ventions shows promise in creating more
dynamic RTI models by placing students with
the weakest initial skill in areas predictive of
responsiveness directly into intensive, Tier-3
interventions rather than “waiting to fail” in
Tier 2 (Lam & McMaster, 2014). Al Otaiba
and colleagues (2014) investigated a variation
of the typical RTI model by utilizing screeners
to immediately place students in a more inten-
sive tiered intervention experience and found
significantly higher reading outcomes.
Besides utilizing screeners to fast-track stu-
dents to appropriate interventions, another
potential mechanism to increase intervention
intensity is by reducing the size of instruc-
tional groups (Baker, Fien, & Baker, 2010). A
meta-analysis examining group size in read-
ing found larger effect sizes for smaller groups
(Wanzek & Vaughn, 2007), and research in
which instructional content was held constant

found that smaller groups (1:1 or 1:3 teacher-
student ratio) had greater effects when com-
pared to a larger smaller group (1:10
teacher-student ratio). However, results also
indicated that the two smaller small groups
(1:1, 1:3) did not differ from each other (Vaughn,
Thompson, Kouzekanani, and Dickson, 2003).
Few studies in mathematics have manipulated
group size as an independent variable to examine
its effects on learning. For example, Bryant et al.
(2016) examined the effects of a systematic,
explicit, strategic Tier-3 intervention on the
mathematics performance of students in the
second grade who had identified severe math-
ematics difficulties. As compared to the
author’s Tier-2 intervention, the Tier-3 inter-
vention was intensified in dosage (every day),
group size (1:2 or 1:3), and the use of explicit
instructional practices. The majority (75%) of
students responded to the intensified interven-
tion and qualified to exit at the end of treat-
ment. However, this manipulation was across
studies rather than within a study and included
multiple elements in addition to a manipula-
tion of group size.

Few studies in mathematics have
manipulated group size as an
independent variable to examine its
effects on learning.

Clarke et al. (2017) investigated similar
questions related to the general efficacy of a
Tier-2 early mathematics kindergarten inter-
vention program, ROOTS, and a treatment
manipulation of group size. Blocking on
classroom, at-risk kindergarten students (n
= 10) were randomly assigned to one of
three conditions: ROOTS delivered in a 2:1
student-to-teacher-ratio small group,
ROOTS delivered in a 5:1 student-to-
teacher-ratio small group, or control (n = 3).
Overall, results indicated significant posi-
tive effects on three of six outcome mea-
sures, favoring ROOTS students over
controls. However, no significant difference
was found between ROOTS small-group
conditions (2:1 and 5:1 student-teacher
ratio).
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Purpose and Research Questions

While the field’s understanding of factors
related to intervention response is growing,
continued research is needed to expand our
understanding of specific student-level pre-
dictors of responsiveness, such as initial skill,
and how initial skill status interacts with
approaches, such as modifying group size, to
increase instructional intensity. The purpose
of this study was to expand previous work by
conducting secondary analyses of the data
from Clarke et al. (2017), which investigated
the efficacy of a Tier-2 kindergarten mathe-
matics intervention, with a focus on two spe-
cific research questions:

1. Did students benefit differentially
from the ROOTS intervention by ini-
tial early mathematics skill?

2. Did students benefit differentially
from the two treatment conditions,
large group versus small group, by ini-
tial mathematics skill?

Our previous research in early mathematics
(Clarke et al., 2015) indicated a greater effect
for a kindergarten core mathematics curricu-
Ium for students with lower initial skills, and a
previous investigation of the ROOTS curricu-
lum indicated no difference in student out-
comes by group size (Clarke et al., 2017).
Given these results, we hypothesized that
there may be differential effects of the ROOTS
intervention based on initial skill, with a
stronger overall effect for students who began
lower in initial skill, but we did not expect the
same differential effect by group size. To con-
textualize overall results, we also explored the
ability of ROOTS to help close the achieve-
ment gap.

Method

This study analyzed data collected from two
cohorts of the federally-funded ROOTS Effi-
cacy Project (Clarke, Doabler, Fien, Baker, &
Smolkowski, 2012). A partially nested random-
ized controlled trial was employed (Baldwin,
Bauer, Stice, & Rohde, 2011), randomly

assigning kindergarten students within class-
rooms to one of three conditions: (2:1 ROOTS
group, 5:1 ROOTS group, and a no-treatment
control condition). Full methods for this study
were previously published (Clarke et al., 2017).

Participants

Schools. Fourteen elementary schools from
four Oregon school districts participated in
the study. Within the 14 schools, 0% to 12%
of students were American Indian or Native
Alaskan, 0% to 16% were Asian, 0% to 9%
were Black, 0% to 74% were Hispanic, 0% to
2% were Native Hawaiian or Pacific Islander,
19% to 92% were White, and 0% to 15% were
more than one race. Eight percent to 25% of
students received special education services,
5% to 69% were English language learners,
and 17% to 87% were eligible for free or
reduced lunch.

Classrooms. A total of 69 classrooms partici-
pated in the study (n = 37 classrooms in Year
1; n = 32 classrooms in Year 2). Classrooms
had an average of 25.06 students (SD =
5.60). The 69 classrooms were taught by 31
teachers. Twenty teachers participated in both
years of the study. Nine Year 1 teachers and
seven Year 2 teachers taught two participat-
ing half-day (morning and afternoon) class-
rooms. Of the 31 teachers, 100% identified as
female, 84% as White, and 10% as Asian
American/Pacific Islander. Teachers aver-
aged 16.45 years of teaching experience and
8.81 years of kindergarten teaching
experience.

Criteria for participation. In each participating
classroom, all students with parental consent
were screened in the late fall of their kindergar-
ten year. The screening process included the
Assessing Student Proficiency in Early Num-
ber Sense (ASPENS; Clarke, Gersten, Dimino,
& Rolthus, 2011) and the Number Sense Brief
Screener (NSB; Jordan, Glutting, & Ramineni,
2008). Students were eligible for the ROOTS
intervention if they received an NSB score of
20 or less and an ASPENS composite score in
the strategic or intensive ranges. After being
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determined eligible for the ROOTS interven-
tion, students’ NSB and ASPENS scores were
separately converted into standard scores with
the full sample and then combined to form an
overall composite score for each at-risk stu-
dent. All data management was conducted by
the project’s independent evaluator. Composite
scores within each classroom were then rank
ordered, and the 10 ROOTS-eligible students
with the lowest composite scores were ran-
domly assigned to one of three conditions: (a)
2:1 ROOTS group, (b) 5:1 ROOTS group, or
(c) no-treatment control condition. Out of the
69 participating classrooms, 53 had at least 10
students who met ROOTS eligibility criteria.
Fourteen classrooms in Year 1 and two class-
rooms in Year 2 had fewer than 10 ROOTS-
eligible students, and in these instances,
classrooms were combined to create virtual
ROOTS “classrooms.” After these procedures
were applied, a total of 60 ROOTS classrooms
participated in this study.

Students. A total of 1,550 kindergarten stu-
dents were screened for ROOTS eligibility.
Of these students, 592 met eligibility criteria
and were randomly assigned within each of
the 60 classrooms to the two-student group
condition (n = 120), the five-student group
condition (n = 295), or the no-treatment con-
trol condition (n = 177).

Interventionists. ROOTS intervention groups
were taught by instructional assistants
employed by the district and by intervention-
ists hired specifically for this study. Eighty
nine percent identified as female, 93% as
White, 4% as Hispanic, and 2% as another
ethnicity. Interventionists had an average of 8
years of teaching experience, previous experi-
ence providing small-group instruction (93%),
and a bachelor’s degree or higher (58%), and
63% had taken a college-level algebra course.

ROOTS. ROOTS is a 50-lesson, Tier-2 math-
ematics program designed to build students’
proficiency in whole-number concepts and
skills. The ROOTS intervention was delivered
in 20-min small-group sessions (2:1 or 5:1) 5
days per week for approximately 10 weeks.

Instruction for all students began in the late
fall and ended in the spring, and this start date
was selected to provide students with the
opportunity to respond to initial core mathe-
matics instruction and to therefore minimize
the identification of typically achieving stu-
dents. ROOTS was designed to supplement
core mathematics instruction and thus was
delivered at times that did not conflict with
students’ core instruction in mathematics.
ROOTS instruction is aligned with Com-
mon Core State Standards for Mathematics
(CCSS-M; Common Core State Standards
Initiative, 2010) and recommendations from
expert panels to focus on whole-number con-
cepts and skills (Gersten et al., 2009). Specifi-
callyy, ROOTS instruction emphasizes
concepts from the Counting and Cardinality
and Operations and Algebraic Thinking
domains of the CCSS-M. The ROOTS instruc-
tional approach is drawn from principles of
explicit and systematic mathematics instruc-
tion (Gersten et al., 2009), including explicit
teacher modeling, deliberate practice, visual
representations of mathematics, and academic
feedback. Frequent opportunities for students
to verbalize their mathematical thinking and
discuss problem-solving methods are also
embedded throughout the program’s lessons.

Implementation fidelity. Each ROOTS group
was observed three times during the course of
the intervention. On a 4-point scale (4 = all, 3
= most, 2 = some, 1 = none), observers rated
the extent to which the interventionist (a) met
the lesson’s instructional objectives, (b) fol-
lowed the provided teacher scripting, and (c)
used the prescribed mathematics models for
that lesson. Observers also recorded whether
the interventionist taught the number of activ-
ities prescribed in the lesson. Observations
indicated that interventionists delivered pre-
scribed activities as specified (M = 4.03 out
of 5 activities, SD = 0.87). Observations indi-
cated that interventionists met mathematics
objectives (M = 3.43, SD = 0.74), followed
teacher scripting (M = 3.20, SD = 0.77),
and used prescribed mathematics models
(M = 3.58, SD = 0.67). Intraclass correlation
coefficients (ICCs) were calculated across
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observers, with ICCs for individual fidelity
ratings indicating moderate to nearly perfect
agreement: 0.92 for number of activities
delivered, 0.72 for met mathematics objec-
tives, 0.72 for followed teacher scripting, and
0.59 for used prescribed mathematics models.
Landis and Koch (1977) characterize ICCs of
0.41 to 0.60 as moderate, 0.61 to 0.80 as sub-
stantial, and 0.81 to 1.00 as nearly perfect.

Control Condition

Core (Tier-1) mathematics instruction served
as the control condition in this study, as both
treatment and control students continued to
receive their daily core mathematics instruc-
tion. For treatment students, ROOTS instruc-
tion was provided in addition to core
mathematics instruction. The control condi-
tion was documented through teacher surveys
and direct observations of classroom instruc-
tion. Teachers reported that they used a vari-
ety of published mathematics curricula during
their mathematics instruction, primarily Scott
Foresman, enVisionmath, Houghton Mifflin,
and Everyday Mathematics, and supple-
mented these core curricula with teacher-cre-
ated materials. Teachers reported that they
provided approximately 31(31.32) min of
daily mathematics instruction (SD = 9.88).
Survey data also identified that all teachers
included mathematics topics during calendar
time. All teachers reported that they provided
whole-group and teacher-led mathematics
instruction. Majorities of teachers reported
that they provided opportunities for peer or
group work, independent student work, and
mathematics centers. Information about the
control condition was also gathered from
direct observations of core mathematics
instruction by trained project staff. No evi-
dence of treatment diffusion during core
mathematics instruction was identified.

Outcome Measures

Students were administered five measures of
whole-number sense at pretest (T1) and post-
test (T2). These measures included a proximal
assessment of whole-number understanding

that measured skills taught during ROOTS,
two distal measures of whole-number sense,
and a set of curriculum-based measures of dis-
crete early number sense skills. A distal out-
come measure was administered 6 months
into students’ first-grade year (T3). Interscorer
reliability criteria of .95 or above were met for
all assessments.

ROOTS Assessment of Early Numeracy Skills
(RAENS; Doabler, Clarke, & Fien, 2012).

RAENS is a researcher-developed measure
that includes 32 items assessing aspects of
counting and cardinality, number operations,
and the base-10 system. RAENS’ predictive
validity ranges from .68 to .83 for the Test of
Early Mathematics Ability—Third Edition
(TEMA-3) and the NSB (Clarke, Doabler,
Smolkowski, Kurtz Nelson, et al., 2016) and
interrater scoring agreement reported at 100%
(Clarke, Doabler, Smolkowski, Baker et al.,
2016).

Oral Counting—Early Numeracy Curriculum-Based
Measurement (Clarke & Shinn, 2004). This cur-
riculum-based measure has students orally
count in English for 1 min. Test-retest reliabil-
ity and alternate-form reliability are reported
at above .80, and predictive validity with stan-
dardized measures of mathematics ranges
from .46 to .72.

ASPENS (Clarke et al., 201 1). This set of three
I-min curriculum-based measures focuses
on numeral identification, comparing quanti-
ties, and strategic counting. Test-retest reli-
abilities of kindergarten ASPENS measures
are in the moderate to high range (.74 to .85).
Predictive validity from fall to spring scores
on the TerraNova 3 is reported as ranging
from .45 to .52.

NSB (Jordan et al, 2008). The NSB is an indi-
vidually administered measure with 33 items
covering a range of early numeracy skills,
including counting knowledge and principles,
number recognition, number comparisons,
nonverbal calculation, story problems, and
number combinations. The NSB has a coeffi-
cient alpha of .84.
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TEMA-3 (Ginsburg & Baroody, 2003). This indi-
vidually administered measure of early mathe-
matical ability assesses  whole-number
understanding for students ranging in age from
3 years to 8 years 11 months. Alternate-form
and test-retest reliabilities of the TEMA-3 are
.97 and .93, respectively. The TEMA-3 has
concurrent validity with other mathematics
measures ranging from .54 to .91.

The Stanford Achievement Test—Tenth Edition
(SAT-10; Harcourt Educational Measurement,
2002) and the Stanford Early School Achieve-
ment Test (SESAT). The SAT-10 and SESAT
are group-administered standardized
achievement tests with two mathematics sub-
tests, Problem Solving and Procedures. Both
measures are multiple choice and have two
mathematics subtests: Problem Solving and
Procedures. The SESAT is administered in
the kindergarten year and the SAT-10 in first
grade. The SAT-10 is a standardized achieve-
ment test with adequate and well-reported
validity (» = .67) and reliability (» = .93).
All treatment and control students were
administered the SESAT at posttest (T 2) and
the SAT-10 midway through their first-grade

year (T}).

Statistical Analysis

We conducted two sets of analyses to address
our research questions about differential
response to ROOTS and the group size based
on initial TEMA-3 scores. Previously, we
examined overall effects of the ROOTS inter-
vention on mathematics achievement and the
overall effects of group size (Clarke et al.,
2017) with an analysis designed to account for
students partially nested within small groups
(Baldwin et al., 2011). Because the ROOTS
groups, but not the unclustered controls,
required a group-level variance, the analyses
accounted for the potential heterogeneity
among variances across conditions (Roberts
& Roberts, 2005).

In this study, we examined whether initial
mathematics achievement based on TEMA-3
scores predicted differential response to the
ROOTS intervention or to the different group

sizes. We expanded the statistical model to
include the pretest TEMA-3 as a predictor of
differential response and its interaction with
the condition effect, either ROOTS versus
control or small versus large groups. For the
analysis of the group size condition, the mod-
els used a standard analysis for nested data
rather than the partially nested models. For
this question, we included only students who
were nested in small groups.

For the tests of ROOTS versus control with
partially nested data, the residual variances
may have differed between conditions. We
therefore tested whether the homoscedastic
and heteroscedastic models could be assumed
equivalent with a likelihood ratio test and
reported the simpler model if we were able to
accept the equivalence of the two models. For
the test of variances (only), we followed the
logic of noninferiority trials and reversed the
null and alternative hypotheses and the associ-
ated Type I and Type II error rates (Dasgupta,
Lawson, & Wilson, 2010). For this reason, and
because tests of variance structures have lim-
ited power (Kromrey & Dickinson, 1996), we
set o = .20 as our Type I error rate and reported
the more complex heteroscedastic model
unless we were relatively certain the two vari-
ances were equivalent.

A moderated effect implies that the condi-
tion difference depends on the moderator. For
a statistically significant moderator, the differ-
ence between the two conditions will be larger
(or smaller) at higher (or lower) levels of the
moderator. To detect these differences, we
estimated the difference between conditions
and confidence bounds at multiple points
along the moderator (Jaccard & Turrisi, 2003).
We used these estimates to compute the
regions of statistical significance based on the
confidence intervals and graphed the results
with the method recommended by Preacher,
Curran, and Bauer (2006) for interpretation.
The graphs depicted the condition effect and
its 95% confidence intervals across the range
of moderator scores. For the regions in which
both confidence bounds exclude zero value
for condition differences, we interpret that as
a statistically significant condition difference
across that region.
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We tested an additional set of mixed mod-
els that extended those discussed above to
account for students clustered within class-
rooms. Results were similar in both sets of
models and condition effects did not vary by
classroom, so we omitted the results.

We fit the statistical models to our data
using SAS PROC MIXED Version 14.2 (SAS
Institute, 2016) with restricted maximum like-
lihood estimation. Maximum likelihood esti-
mation with all available data produces
potentially unbiased results even in the face of
substantial missing data, provided the missing
data were missing at random (Schafer & Graham,
2002). In the present study, the missing data do
not likely represent a meaningful departure from
the missing-at-random assumption, meaning that
missing data did not likely depend on unobserved
determinants of the outcomes of interest (Little
& Rubin, 2002) or that missingness is detri-
mental to the internal validity. The majority of
missing data involved students who were
absent on the day of assessment (e.g., due to
illness) or transferred to a new school (e.g., due
to their families moving). Nonrandom missing-
ness, however, “is often not sufficient to affect
the internal validity of an experimental study to
any practical extent” (Graham, 2009, p. 568).

The models assume independent and
normally distributed dependent variables.
We addressed the first, more important
assumption (Van Belle, 2008) by explicitly
modeling the multilevel nature of the data.
Multilevel regression methods are also quite
robust to violations of normality (e.g., Hannan
& Murray, 1996). We also corrected for mul-
tiple tests with the Benjamini-Hochberg pro-
cedure (Benjamini & Hochberg, 1995) and
reported the original p values as well as the
Benjamini-Hochberg adjusted p values for
each outcome. We adjusted p values sepa-
rately within the set of analyses for each
research question.

Results

Demographic characteristics, the potential for
differential attrition, and main effects for
ROOTS intervention and group sizes were
presented in Clarke et al. (2017).

Predictors of Differential Response
to ROOTS

Clarke et al. (2017) found statistically signifi-
cant condition differences—main effects—
for the ASPENS, TEMA-3, and RAENS.
Tables 1 and 2 present tests of differential
response to ROOTS as a function of pretest
TEMA-3 scores. The bottom two rows of the
tables show the likelihood ratio test results that
compared homoscedastic residuals with het-
eroscedastic residuals, and the tables report a
different number of variances depending on
the results. The homoscedastic model, which
assumed equivalent residual and pre-/posttest
covariance estimates between conditions, fit
the data for Oral Counting, TEMA-3, and
SESAT.The data fit the heteroscedastic model
(p < .20) for NSB, SESAT, and SAT-10.

The TEMA-3 moderated condition effects
for the RAENS (Benjamini- Hochberg
adjusted Py = -0252) and TEMA-3 p
.0252). The “moderation effect for the NSB
Py, = 0730) produced a raw p value of
.0313. Figure 1 presents the condition differ-
ences across the range of baseline TEMA-3
values for the RAENS, TEMA-3, and NSB at
posttest. The graphs show the main effects
(dark line) with the 95% confidence intervals
(light lines) across the range of pretest
TEMA-3 scores (Preacher et al., 2006). The
difference between conditions is considered
statistically significant when the confidence
bounds exclude zero.

Students in the ROOTS condition outper-
formed those in the control condition on the
RAENS across nearly all pretest TEMA-3
scores (those below the 97th sample percen-
tile or a TEMA-3 score of 36). Conditions
differed for 97% of the sample, and students
with lower TEMA-3 scores at pretest
appeared to benefit most from ROOTS on
the RAENS. The region of statistical signifi-
cance includes TEMA-3 score of 36 or less,
which corresponds to the 95th national per-
centile for students who entered kindergarten
at ages 5 years to 5 years 2 months and the
84th national percentile for students who
entered kindergarten at ages 5 years 6 months
to 5 years 8 months.
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Table I. Results of Partially Nested Time X Condition Analyses That Tested Pretest as a Moderator
of Differences in Fall-to-Spring Gains in Mathematics Scores Between ROOTS Students Nested Within
Groups and Unclustered Control Students.

ASPENS
Variable RAENS  Oral Counting Composite NSB Total TEMA-3
Fixed effects
Intercept |7.077+5% 2| .34k 22 3%k [2.28%%FF | 7.07FF
(:27) (1.22) (1.69) (:24) (:27)
Time 6.75%wx 8.1 |k 35.3 rx 6.2 | wrrE 6.75%wkk
(.38) (1.62) (2.09) (:29) (.38)
Condition (ROOTS) .00 1.53 1.06 .20 .00
(:33) (1.47) (2.10) (-:30) (-33)
Time X Condition 2,03k 2.73 | 7.77%%5% .33 2,03k
(48) (1.97) (2.63) (.38) (48)
Pretest TEMA-3 |.QQ ek || 28k | 97k Koo |00k
(.04) (.19) (.26) (.04) (.04)
Pretest TEMA-3 X .00 A7 -.40 -.04 .00
Condition (.05) (:22) (.31 (.04) (.05)
Pretest TEMA-3 X Time -.02 .59 | |40 22— 02
(.06) (.25) (:33) (.04) (-06)
Pretest TEMA-3 X —.[9%* -.03 .05 -.12* —. 9%
Condition X Time (.07) (:30) (.:38) (.05) (.07)
Variances
Time X Condition 1.26%* 6.56 43.64* .90* 1.26%*
between ROOTS groups (48) (8.03) (18.33) (43) (-48)
Pre-/posttest covariance .00 37.58%x 130.43##¥* .00
(49) (11.06) (21.48) (-49)
Residual 10.877k% 2| .72k 315.59%Fk 10.877##*
(.79) (14.34) (23.60) (.79)
ROOTS residual 7.90%k%
(.66)
ROOTS pre-/posttest 2. | 4%
covariance (.56)
Control residual 5.97#¥kx
(.87)
Control pre-/posttest 3.01%¥k*
covariance (-.80)
Pretest TEMA-3 X .0041 9198 .8899 0313 .0072
Condition X Time, p
Pretest TEMA-3 X .0252 9198 9198 .0730 .0252
Condition X Time, BH p
Pretest TEMA-3 X 587 551 551 334 587
Condition X Time, df
ICC ROOTS groups .09 .03 .12 .10 .10
Likelihood ratio x* 0.12 1.65 0.35 3.36 0.14
p .9405 4377 .8388 .1865 .9323

Note. Fixed effects and variances shown with standard errors in parentheses. The models nested only ROOTS
students within groups. P values also provided with the Benjamini-Hochberg (BH) correction. Degrees of freedom for
tests of fixed effects based on the Satterthwaite approximation. Likelihood ratio tests compared homoscedastic to
heteroscedastic residuals (o« = .20, 2 degrees of freedom). ASPENS = Assessing Student Proficiency in Early Number
Sense; ICC = intraclass correlation; NSB = Number Sense Brief Screener; RAENS = ROOTS Assessment of Early
Numeracy Skills; TEMA-3 = Test of Early Mathematics Ability—Third Edition.

tTh < .10. %p < .05.%kp < 01, %6k < 001, ¥k < 0001,
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Table 2. Results of Partially Nested Mixed-Model Analyses of Covariance on Posttest and Follow-Up
Mathematics Scores That Tested Pretest as a Moderator of Differences Between ROOTS Students
Nested Within Groups and Unclustered Control Students.

Variable Posttest SESAT Follow-Up SAT-10
Fixed effects
Intercept 449.00%#F* 495,627k
(2.13) (1.85)
Condition (ROOTSY) 4357 45
(2.52) (2.58)
Pretest TEMA-3 3. Fkk 2.0 | Hokek
(:33) (:29)
Pretest TEMA-3 X Condition -.10 -.19
(.38) (.36)
Variances
ROOTS group intercept 19.89 154.55%*
(26.54) (51.66)
ROOTS residual 573.1 |#kwek 459.80%#+*
(48.97) (50.17)
Control residual 71| .25%kek 252 .49k
(85.94) (74.17)
Pretest TEMA-3 X Condition, p .7880 5924
Pretest TEMA-3 X Condition, BH p 9198 9198
Pretest TEMA-3 X Condition, df 262 256
ICC ROOTS groups .03 25
Likelihood ratio x* 2.49 6.37
p .1145 .0ll16

Note. Fixed effects and variances shown with standard errors in parentheses. The models nested only ROOTS

students within groups. P values also provided with the Benjamini-Hochberg (BH) correction. Degrees of freedom for
tests of fixed effects based on the Satterthwaite approximation. Likelihood ratio tests compared homoscedastic to
heteroscedastic residuals (o« = .20, | degree of freedom). ASPENS = Assessing Student Proficiency in Early Number
Sense; ICC = intraclass correlation; NSB = Number Sense Brief Screener; RAENS = ROOTS Assessment of Early
Numeracy Skills; SAT-10 = Stanford Achievement Test—Tenth Edition; SESAT = Stanford Early School Achievement
Test; TEMA-3 = Test of Early Mathematics Ability—Third Edition.

tTh < .10. %p < .05.%kp < 01, *Fkp < 001, ¥k < 0001,

For the TEMA-3 at posttest, we found sta-
tistically significant condition differences for
students with pretest TEMA-3 scores below
the 77th sample percentile (score of 22). This
region of significance included students
below the 63rd national percentile at ages 5
years to 5 years 2 months and below the 37th
national percentile at ages 5 years 6 months to
5 years 8 months.

Students in the ROOTS condition outper-
formed those in the control condition on the
NSB with pretest TEMA-3 scores below the
26th sample percentile (score of 12). The
region of significance includes students ages

5 years to 5 years 2 months below the 19th
national percentile and students ages 5 years 6
months to 5 years 8 months below the 6th
national percentile. The moderation effect
was not statistically significant for the NSB
after correcting for multiple tests.

ROOTS Group Size Differences

Clarke et al. (2017) found no differences
between large and small groups for any
variables (p > .15). Analyses of initial skill
moderating group differences found all
unadjusted p values exceeded .05 except
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Figure |. Interactions between condition and initial Test of Early Mathematics Ability—Third Edition
(TEMA-3) scores. The figures plot the differences between conditions (vertical axis) as a function of pretest
TEMA-3 values (horizontal axis). Heavy lines show the predicted difference between conditions across

the range of TEMA-3 values. The two light, outer lines depict the 95% confidence bounds on the mean
difference. Statistically significant differences between conditions occur when both confidence intervals fall
either above or below zero. The differences between condition is considered statistically significant for

the ROOTS Assessment of Early Numeracy Skills below the pretest TEMA-3 score of 32 (97th sample
percentile), for the Number Sense Brief Screener below the pretest TEMA-3 score of 12 (26th sample
percentile), and for the TEMA-3 below the pretest TEMA-3 score of 22 (77th sample percentile).
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for the ASPENS, where the TEMA-3
appeared to moderate the group differences
(p = .0280), but the Benjamini-Hochberg
adjusted p value was .1960.

Closing the Achievement Gap

To investigate whether the ROOTS closed the
achievement gap, we examined the proportion
of students who exceeded the 25th national
percentile on the posttest TEMA-3, SESAT,
and SAT-10 by treatment condition. We did not
have specific ages for individual students, so
we examined two relevant age ranges for the
TEMA-3. The average student begins kinder-
garten between ages 5 and 6, and ends about 9
months later. We therefore calculated the num-
ber of students above the 25th percentile for
students in the age ranges of 5 years 8 months
* 1 month and 6 years 4 months * 1 month.
For students around age 5 years 8 months, a
standard score of 90 translates to a raw
TEMA-3 score of 22. Approximately 70% of
the ROOTS sample but only 50% of the con-
trol sample exceeded this criterion for the 25th
national percentile. For students around age 6
years 4 months, a standard score of 90 trans-
lates to a raw TEMA-3 score of 29, and about
34% of ROOTS students and 26% of control
students exceeded the criterion. For the
SESAT, 25.1% of the ROOTS sample but only
22.7% of the control sample scored above the
25th national percentile. For the SAT-10,
21.3% of students in the ROOTS condition
and 15.7% of the control sample exceeded the
25th national percentile.

Discussion

The purpose of this study was to explore the
moderating role of initial skill on student
outcomes. Results related to this research
question indicated that students with lower
initial skills, as measured by the TEMA-3,
showed greater benefit from the intervention
on two out of six kindergarten outcome mea-
sures. We did not find a difference in this
relationship by group size. Based on our pre-
vious work in mathematics (Clarke et al.,

2015) and with the ROOTS curriculum
(Clarke et al., 2017), the results matched our
study hypotheses. Overall, most students dif-
fered on the TEMA-3 at pretest by less than
1 point (Clarke et al., 2017), yet by posttest,
substantially greater numbers of students in
the ROOTS condition scored within the
average range on the TEMA-3.

Results related to this research
question indicated that students
with lower initial skills, as
measured by the TEMA-3, showed
greater benefit from the
intervention on two out of six
kindergarten outcome measures. We
did not find a difference in this
relationship by group size.

Collectively, the results provide a range of
interesting points to consider and discuss as the
field advances and attempts to better under-
stand the intricacies of mathematics interven-
tion work in the early elementary grades.
Findings from this study add to a number of
studies that have attempted to examine the role
of initial skill status and intervention response.
To date, clear patterns have not emerged, with
some work suggesting similar effect across ini-
tial skill (e.g., L. S. Fuchs, Sterba, et al., 2016)
or differential positive effects for lower initial
skill (e.g., L. S. Fuchs, Malone, et al., 2016) or
greater initial skill (Toll & Van Luit, 2013).
Results from this study show a general pattern
of differential effect for students with initial
lower skill on a general measure of mathemat-
ics achievement. Collectively, these results are
difficult to interpret. In part, the disparate
results across studies may be due to the differ-
ences in the independent variable studied, the
intervention. For example, while ROOTS was
delivered as a Tier-2 program, the intensity of
the ROOTS intervention may more closely
align with conceptualizations of what a Tier-3
experience should look like. Original concep-
tualizations of RTI models noted that by
design, many intensive intervention experiences
represented the intensification of instruction
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reserved for special education, and perhaps
general education with modifications should
serve as the platform by which to engage
response in a RTI model (L. S. Fuchs, 2003).
Thus, the intensive nature of the ROOTS inter-
vention may have been better aligned with the
learning needs of students with significant skill
deficits. Correspondingly, within the current
study, it seems reasonable to hypothesize stu-
dents on the upper end of the sample skill spec-
trum may have benefited from a less intensive
intervention delivered as a supplement to gen-
eral education. Given the lack of long-term
effects of mathematics interventions in general
(Starkey & Klein, 2008) and for ROOTS spe-
cifically (Clarke et al., 2017), the finding that
initial skill did not moderate outcomes on our
first-grade follow-up is not surprising. Results
may also reflect the nature of the measure used
to define initial skill. In this study, the TEMA-3
was used to operationalize initial skill. The
TEMA-3 is a general measure of early mathe-
matics and, in this case, also distal to the inter-
vention. A more proximal measure to the
intervention may have resulted in different
findings (e.g., a differential benefit for students
with greater initial skill).

A fundamental premise of RTI models is that
instruction is modified or adjusted based on
intervention response with the provision of more
intensive intervention to students as they exhibit
nonresponse and move from Tier 1 to Tier 3
(Coyne et al., 2013; Vaughn & Fuchs, 2003).
However, the concept of intervention intensity
remains elusive and difficult to define despite
widespread recognition that premising decision
making related to services necessitates defining
overall intervention intensity and its subcompo-
nents (Codding & Lane, 2015; D. Fuchs &
Fuchs, 2017). When designing the ROOTS
studies, our initial conceptualization of interven-
tion intensity focused on group size, a common
variable hypothesized to relate to intervention
intensity (Baker et al., 2010). Findings from pre-
vious work (Clarke et al., 2017) indicated that
greater rates of student behaviors hypothesized
to increase learning (i.e., practice opportunities)
were increased in smaller small groups but that
those groups did not show a differential positive

affect on mathematics outcomes. It could be
hypothesized that although decreasing group
size will increase desired teacher and student
behaviors, those differences may not be rele-
vant to student growth beyond a certain thresh-
old. And if that is the case, and it holds true
across other teacher and student behaviors
(e.g., modeling) hypothesized to represent
leverage points to increase intervention inten-
sity, is doing more of the same an intensifica-
tion of an intervention? Mixed findings in both
mathematics and readings related to group size
suggest that although group size may be an
important hypothesized mechanism to increase
the intensity of intervention, further research is
necessary to explicitly contrast effects of
groups with varying sizes and to investigate
other mechanisms to increase intervention
intensity. In addition, such efforts should con-
sider the moderating role of crucial student-
level variables, including but not limited to
initial skill (Gersten, 2016; Ochsendorf, 2016;
Woodward, 2016).

We consider work in this vein to repre-
sent a new wave of intervention research
focused on how to better tailor the interven-
tions schools deploy for students at risk.
However, efforts by the field to better
design and deliver interventions invoke a
number of questions that are often deeply
embedded within RTI models and special
education. For example, the advent and
development of curriculum-based measure-
ment was driven by a general belief that
progress monitoring was essential to moni-
tor intervention response because it was not
possible a priori to know how an individual
student would respond to a given interven-
tion (Deno, 1985). Service delivery models
that propose skipping a tier of delivery seem
at some level to contradict a long-standing
theoretical orientation toward intervention
delivery. To what extent do we need to have
confidence (e.g., 50%, 80%, 90%) that a
student will not respond to an intervention
such that moving directly to a more inten-
sive intervention is warranted? And how
should those questions be considered in
light of the concerns that RTI models may
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become  another  wait-to-fail  model
(Fletcher, Coulter, Reschly, & Vaughn,
2004; L. S. Fuchs & Vaughn, 2012). As
measured by our primary distal measure
(TEMA-3), results from this study suggest
that between 34% and 70% of the treatment
sample exited the intervention program
with skills in the range that would enable
them to benefit from Tier-1 instruction.
Given previous results (Clarke et al., 2017)
indicating no treatment effects for the
SESAT (posttest) or SAT-10 (delayed first-
grade posttest), the finding that approxi-
mately 21% to 25% of treatment students
(slightly more than the percentage of con-
trol students) met a similar threshold on the
SESAT and SAT-10 is not surprising. Col-
lectively, given the results across measures
related to the treatment normalizing student
mathematics such that students could theo-
retically benefit from Tier-1 instruction,
variations to service delivery models war-
rant consideration. For example, would ser-
vice delivery models that considered
immediate and direct placement in a Tier-3
intervention be better suited to meet the
learning needs of severely-at-risk learners?
Initial investigations related to the ability to
accurately predict response show promise
(e.g., Compton et al., 2012), as do models
where students are placed immediately in
more intensive instructional settings or
where interventions are systematically
altered based on ongoing student data (e.g.,
Al Otaiba et al., 2014; Coyne et al., 2013;
Denton, Fletcher, Taylor, Barth, & Vaughn,
2014). The relatively consistent finding
related to effects fading over time (Starkey
& Klein, 2008) and found in our previous
work (Clarke et al., 2017) suggests that
even for treatment responders, addressing
mathematics learning needs of at-risk learn-
ers warrants consideration of models that
approach intervention from a multiyear,
multitier perspective. How should the field
consider these models as it relates to inter-
vention response and the interaction of
intervention response and crucial variables,
such as initial skill?

Service delivery models that propose
skipping a tier of delivery seem at
some level to contradict a long-
standing theoretical orientation
toward intervention delivery.

The advancements in our understanding of
mathematics intervention for young students
have increased remarkably in the last decade.
We believe a continued focus on questions
related to mediators and moderators of inter-
ventions, aspects of intervention intensity, and
modifications to RTI service delivery models
warrants additional empirical investigation and
discussions among leaders and researchers in
the field of special education. Efforts in this
regard are essential to moving the field forward
and ensuring that all students are successful in
acquiring essential mathematical knowledge.
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