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Article

In the medical field, evidence-based practices are identified 
through peer-reviewed research, especially well-designed 
clinical trials (Barratt, 2008). Medical care providers rely 
on the evidence generated by such studies to make effective 
decisions about the care of individual patients. Take, for 
example, a patient diagnosed with strep throat, which is a 
potentially life-threatening infection if left untreated. 
Following an evidence-based approach, a physician or 
nurse practitioner would treat the infection with an antibi-
otic. Assuming a typical response to treatment, the antibi-
otic would cure the patient within a week’s time.

Establishing Evidence-Based Practices 
in the Field of Education

While the field of education lags behind the medical field in 
terms of the number of evidence-based practices in circula-
tion, major education reforms, such as the No Child Left 
Behind Act and the Individuals With Disabilities Education 
Act, have significantly increased the identification and use 
of evidence-based programs and practices in U.S. schools. 

The more recent signing of the Every Student Succeeds Act 
(ESSA) demonstrates a continued commitment among poli-
cymakers for the use of evidence-based interventions and 
instructional practices to support school improvement. In 
fact, the term “evidence-based” is cited 61 times in the new 
law. Although much remains to be learned, research con-
ducted under the auspices of these federal initiatives have 
yielded practical benefits for effectively teaching America’s 
disadvantaged children, including students with or at risk 
for mathematics learning disabilities (MLD).
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For example, the advent of the Institute of Education 
Sciences (IES) became a primary impetus behind the initial 
efforts for establishing “what works” in the field of educa-
tion. IES, the evaluation arm of the U.S. Department of 
Education, conducts independent evaluations of completed 
research studies that target various programs, products, and 
practices. Specifically, it reviews existing research to 
determine if it meets rigorous research design standards. 
Findings of studies deemed to be of high methodological 
quality are then disseminated online via IES’s What Works 
Clearinghouse.

In the field of special education, determining evidence-
based practices can largely be attributed to the cogent work 
of the Division for Research of the Council for Exceptional 
Children (Odom et al., 2005). The Division, led by Odom 
and colleagues, charged a group of researchers to generate a 
set of quality indicators for four different research designs, 
including group- and quasi-experimental, single case, cor-
relational, and qualitative research. For example, the pro-
posed quality indicators for group- and quasi-experimental 
research designs took into consideration the extent to which 
studies described features such as their participants, inter-
vention implementation and the comparison condition, 
technical adequacy of the outcome measures, appropriate-
ness of the data analysis, effect size calculations, differen-
tial attrition, and follow-up effects (Gersten et al., 2005).

Explicit Mathematics Instruction as an Evidence-
Based Practice for Students With MLD

Since the inception of IES and the quality indicators, educa-
tional researchers have begun to establish evidence-based 
programs and practices through methodologically rigorous 
studies (Cook, Tankersley, & Landrum, 2009). One instruc-
tional practice with a strong evidentiary basis for improving 
the outcomes of students with or at risk for MLD is explicit 
mathematics instruction. Explicit mathematics instruction 
is defined as a structured pedagogical approach that incor-
porates empirically validated principles of instruction to 
effectively and efficiently teach critical mathematics con-
cepts and skills to mastery (Gersten et al., 2009).

Accumulating research suggests that explicit mathe-
matics instruction has beneficial effects on the mathemat-
ics achievement of students with or at risk for MLD 
(Dennis et  al., 2016; Gersten et  al., 2009). Much of the 
empirical research on explicit mathematics instruction 
involving students with MLD has been synthesized in two 
recent meta-analyses. We draw on this literature to briefly 
summarize three evidence-based teaching practices tar-
geted in this study.

In 2009, Gersten et al. analyzed 41 studies targeting stu-
dents with MLD. Interventions were coded on seven dimen-
sions including (a) explicit instructional techniques, (b) the 
use of visual representations of quantitative relations, (c) 

student verbalization of mathematics concepts and strate-
gies for solving problems, (d) attention to the range and 
sequence of examples used during instruction, (e) frequent 
assessment feedback to teachers and students, (f) peer-
assisted instruction, and (g) use of heuristics. Gersten and 
colleagues reported that the magnitude of the effect for 
explicit instruction was large (Hedges’s g = 1.22, 95% con-
fidence interval [CI] = [0.78, 1.67]).

More recently, Dennis et  al. (2016) conducted a meta-
analysis of group- and quasi-experimental studies between 
2000 and 2014 on interventions for students with or at risk 
for MLD. A total of 25 interventions studies were analyzed 
based on five instructional approaches: (a) providing data 
and feedback on students’ mathematics performance to 
teachers, (b) peer-assisted learning, (c) providing students 
with data and feedback on their mathematics performance, 
(d) explicit or contextualized teacher facilitated instruction, 
and (e) computer-assisted instruction. Of the 25 studies, 18 
included interventions incorporated an explicit mathemat-
ics instructional approach. Results suggested a large effect 
for the explicit interventions (Hedges’s g = .76, 95% CI = 
[0.45, 0.94]).

Critical Teaching Practices of Explicit 
Mathematics Instruction

At its core, explicit mathematics instruction comprises three 
evidence-based teaching practices. First, teachers present 
new mathematical concepts, procedures, and skills to stu-
dents through overt demonstrations and explanations. This 
allows teachers to convey higher order thinking by making 
new and complex mathematics content conspicuous to stu-
dents. Research suggests that direct modeling is an effective 
way to demonstrate what students are expected to do in a 
mathematical activity or task (Alfieri, Brooks, Aldrich, & 
Tenebaum, 2011).

Following the teacher demonstrating a mathematical 
concept or skill, students then practice that objective 
through guided support from the teacher. Such practice 
opportunities involve students completing written exer-
cises, manipulating visual representations of mathematics, 
and verbalizing their mathematical understanding. As stu-
dents develop an understanding of the targeted content, the 
teacher’s support is systematically withdrawn to increase 
students’ opportunities to independently and actively prac-
tice with mathematics. A growing body of evidence sug-
gests that student practice opportunities are essential for 
improving important mathematics outcomes (Doabler et al., 
2015; Gersten et al., 2009). Although some of the particu-
lars about practice are debated, it is generally agreed that 
well-designed practice can build conceptual understanding 
and promote fluency thereby increasing the odds that stu-
dents can develop long-term retention of important mathe-
matical topics.
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During explicit mathematics instruction, teachers com-
plement student practice opportunities with academic 
feedback. Academic feedback is comprised of teachers 
providing informational feedback to students on their per-
formance with solving mathematical problems. When 
timely and specifically delivered, this evidence-based 
teaching practice can extend learning opportunities and 
help students circumnavigate known pitfalls or miscon-
ceptions (Gersten et al., 2009). For example, when a stu-
dent incorrectly verbalizes a mathematical answer, the 
teacher will immediately provide feedback to correct the 
error and then provide additional practice on the types of 
items that proved difficult for the student.

Instructional Design and Its Role in Evidence-
Based Teaching Practices

Central to the effectiveness of mathematics instruction is the 
manner in which it is designed. In mathematics, instruc-
tional design refers to the judicious integration of critical 
mathematics content and empirically validated principles of 
instruction (Coyne, Kame’enui, & Carnine, 2011). When 
instructional designers purposefully engineer mathematics 
programs, they provide teachers with instructional tools that 
support student learning through the delivery of evidence-
based practices, such as explicit mathematics instruction.

Only one study to our knowledge has investigated the 
impact of a core mathematics program on teachers’ use of 
explicit mathematics instruction in kindergarten classrooms. 
This study examined treatment effects of the Early Learning 
in Mathematics (ELM) program during a randomized con-
trolled trial (Doabler et  al., 2014). ELM is an empirically 
validated, core kindergarten mathematics program intended 
for use in general education settings (Clarke et al., 2015). Its 
scripted program centers on an explicit and systematic 
instructional design framework that offers specific guide-
lines for teachers to (a) overtly demonstrate and explain 
critical mathematics concepts and skills, (b) systematically 
facilitate frequent opportunities for students to practice with 
targeted mathematics content, and (3) offer timely, informa-
tional feedback to address student errors and potential mis-
conceptions, and affirm students’ correct responses.

In the ELM efficacy trial, Doabler and colleagues (2014) 
analyzed approximately 400 classroom observations from 
129 kindergarten classrooms that were randomly assigned 
to treatment (n = 68) or control (n = 61) conditions. 
Classrooms assigned to the treatment condition imple-
mented the ELM program, while control classrooms contin-
ued to provide standard district core mathematics 
instruction. Within the 129 classrooms were 2,598 kinder-
garten students, of whom 50% were considered at risk for 
MLD at the start of the school year. Results suggested that 
ELM classrooms provided significantly higher rates of 
explicit instructional practices than control classrooms. 

Specifically, ELM teachers delivered more frequent prac-
tice opportunities for individuals and groups of students 
(Doabler et al., 2014).

While preliminary, the findings of Doabler et al. (2014) 
demonstrated initial promise of the ELM program to 
increase teachers’ use of evidence-based teaching practices 
during core mathematics instruction. Yet, it is unclear from 
this earlier work whether the statistically significant differ-
ences found between the treatment (i.e., ELM) and control 
(i.e., standard district mathematics instruction) classrooms 
were based on ELM teachers implementing the program 
according to its design or whether ELM teachers simply uti-
lized explicit teaching practices acquired in their prior 
teaching experience. Thus, it is important to investigate 
whether the ELM program improves teachers’ use of evi-
dence-based teaching practices (i.e., overt teacher models, 
student practice opportunities, and academic feedback) rel-
ative to their prior implementation of standard district pro-
grams and practices. A clearer understanding of how and 
when mathematics programs like ELM affect teaching 
practice can promote stronger professional development 
opportunities for teachers who work with students with or at 
risk for MLD. For instance, if additional teaching experi-
ence with explicit mathematics programs increases the odds 
of teachers’ uptake of evidence-based practices, researchers 
and curriculum developers may wish to take steps to 
increase the amount of professional development opportu-
nities that teachers receive with such programs to help sus-
tain implementation.

Purpose of the Study

As evidence-based practices continue to be established by 
researchers and adopted by schools, there remains a critical 
need to investigate how they are actually implemented in 
educational contexts (Forman et al., 2013). It is important to 
monitor and understand how evidence-based practices are 
implemented because if schools only nominally adopt an 
evidence-based practice, but do not implement it with the 
fidelity, there is little reason to think the practice will affect 
student learning. A meta-analysis of 500 studies by Durlak 
and DuPre (2008), which found that the level of implemen-
tation was related to study outcome, underscores this point.

The American Psychological Association Division 16 
Working Group on Translating Science to Practice recently 
outlined a broad research agenda to promote an implemen-
tation science in educational contexts (Forman et al., 2013). 
Of the eight areas the group recommended for study, two 
have particular relevance to the current study. These recom-
mendations include (1) determining the core components of 
existing evidence-based practices and (2) investigating the 
client and context variables that determine the success of 
evidence-based practice implementation. This study aims to 
examine some of the client and context variables that 
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promote teachers’ use of evidence-based practices during 
core mathematics instruction. Specifically, we investigate 
the longitudinal effects of the ELM kindergarten mathemat-
ics program (Clarke et  al., 2015) on teachers’ delivery of 
explicit mathematics instruction.

Therefore, the purpose of this study was twofold. First, 
the current analyses extend the work of Doabler et al. (2014) 
by estimating longitudinal change in observed rates of evi-
dence-based teaching practices across Year 1 and Year 2 of 
the ELM efficacy trial for two distinct groups of kindergar-
ten teachers. The first group, designated as CON-ELM, was 
represented by kindergarten teachers who provided stan-
dard district mathematics instruction (control) in Year 1 of 
the efficacy trial and the ELM program (treatment) in Year 
2. The second group, designated as ELM-ELM, was repre-
sented by kindergarten teachers who used ELM in both 
years of the ELM efficacy trial. Second, the current study 
also used a cross-sectional comparison of the CON-ELM 
and ELM-ELM teachers in Year 2 to investigate the extent 
to which years of experience with the ELM program 
affected rates of evidence-based teaching practices. Two 
related sets of research questions were addressed:

Our research questions regarding longitudinal change in 
mean rates of evidence-based teaching practices by 
teacher group:
Research Question 1a: For CON-ELM teachers who 
served as control teachers in Year 1 of the ELM efficacy 
trial, did mean rates of evidence-based teaching prac-
tices increase in Year 2 when these teachers used ELM, 
compared with Year 1 when they did not? Did any 
observed changes in mean rates affect the cross-year sta-
bility of those teaching practices?
Research Question 1b: For ELM-ELM teachers who 
implemented ELM in Year 1 and Year 2 of the ELM effi-
cacy trial, did mean rates of evidence-based teaching 
practices increase in Year 2, when these teachers used 
ELM for a second year?
Our research question regarding the cumulative impact 
of ELM teaching experience:
Research Question 2: Did ELM-ELM teachers with 2 
years of experience implementing ELM exhibit signifi-
cantly higher rates of evidence-based teaching practices 
in Year 2 than CON-ELM teachers with only 1 year of 
experience with ELM?

Method

The current study examined classroom observation data col-
lected during a multi-year, federally funded efficacy trial that 
investigated the efficacy of the ELM kindergarten mathemat-
ics program (Clarke et  al., 2015). The ELM efficacy trial, 
which was conducted in 223 kindergarten classrooms from 
Oregon and Dallas, Texas, occurred in successive years, 
using largely the same sample of kindergarten teachers but 

different cohorts of students. In Year 1, classroom teachers 
were randomly assigned to use either the ELM program 
(treatment) or standard district mathematics instruction (con-
trol). In Year 2, all classroom teachers delivered the ELM 
program to their entire class. In Year 2 treatment classrooms 
only, the five lowest performing students also received the 
ROOTS program, a supplementary, small-group Tier 2 math-
ematics intervention (50 lessons) delivered by district-
employed instructional assistants.

Thus, whereas the larger efficacy trial tested the impact 
of the ELM program on student mathematics outcomes, the 
present study investigated the effects of the ELM program 
on the use of evidence-based teaching practices among the 
CON-ELM and ELM-ELM teachers. CON-ELM teachers 
implemented standard teaching practices in Year 1 of the 
efficacy trial and then ELM in Year 2, whereas ELM-ELM 
teachers implemented the ELM program in both years. 
Thus, the primary unit of analysis for the present study is 
the classroom teacher.

Participants

Participants in Year 1 included teachers in 47 schools (37 
public, 10 private) from seven school districts in Oregon and 
Dallas, Texas. As shown in the top half of Table 1, schools 
and teachers varied in the number of years of participation. 
For example, 40 of the 47 schools participated in both years 
of the study. The seven schools that participated only in Year 
1 of the study did so because they were unable to incorporate 
the supplementary ROOTS intervention into their schedule. 
Teachers who participated only in Year 1 did so either because 
they taught at a school that was unable to incorporate the 
supplementary ROOTS intervention (n = 35), or due to typi-
cal teacher mobility (e.g., teachers who changed grades or 
transferred to another school, n = 25). In Year 1, 112 teachers 
provided full-day kindergarten, and 17 provided half-day 
kindergarten. One classroom had two teachers, each working 
a half-day schedule, and one teacher in a full-day program 
worked at a school that operated 4 days per week; all other 
kindergarten programs ran 5 days per week. All teachers par-
ticipated for the full school year. The Year 1 sample included 
17 bilingual education classes, but all mathematics instruc-
tion was provided in English. Average class size during Year 
1 was 21 students (SD = 3.7). In Year 2, all classrooms pro-
vided full-day kindergarten. The average class size in Year 2 
was 21 students (SD = 3.9). Teacher demographics for both 
years are presented in the bottom half of Table 1.

Kindergarten Mathematics Instruction in the 
ELM Efficacy Trial

The multi-year, ELM efficacy trial comprised three condi-
tions (Clarke et  al., 2015): Year 1 treatment classrooms, 
Year 1 control classrooms, and Year 2 treatment and control 
classrooms. Below, we detail each of the conditions.
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Year 1 treatment teachers.  In Year 1, 68 kindergarten teach-
ers in the treatment condition implemented the ELM pro-
gram, a 120-lesson core mathematics program. Teachers 
were expected to adhere to ELM’s scripted guidelines and 
deliver the program in whole class settings, 45 min per day, 
5 days per week. ELM, a program designed to support the 
full range of learners, focuses on concepts and skills from 
five mathematical domains: (a) Counting and Cardinality, 
(b) Operations and Algebraic Thinking, (c) Number and 
Operations in Base Ten, (d) Measurement and Data, and (e) 
Geometry. ELM is grounded in validated principles of 
explicit mathematics instruction (Gersten et  al., 2009). 
These principles include (a) engaging students’ prior under-
standings of mathematics, (b) providing vivid demonstra-
tions and clear explanations of mathematical concepts, (c) 
using visual representations of mathematical ideas to pro-
mote conceptual understanding, (d) providing opportunities 
for practice and review to promote mathematical profi-
ciency, and (e) delivering timely academic feedback to con-
firm students’ correct responses and address potential 
misconceptions.

Year 1 control teachers.  In Year 1, 61 control teachers 
implemented standard district mathematics instruction. 
Mathematics instruction in the Year 1 control condition 
used a number of different published curricula and teacher-
developed materials. The most commonly used curricula 
were Texas Mathematics, Harcourt, Everyday Mathemat-
ics, and teacher created lessons. Other implemented mate-
rials included Bridges in Mathematics, Progress in 
Mathematics, and Scott Foresman–Addison Wesley Math-
ematics. A primary focus of mathematics instruction in the 

Year 1 control classrooms was whole number concepts and 
skills. Mathematical content in these classrooms was deliv-
ered through a variety of mediums, including learning cen-
ters, small-group activities, and whole class delivered 
instruction.

Year 2 treatment and control teachers.  In Year 2, 91 teachers 
across the treatment (n = 43) and control (n = 48) conditions 
delivered the ELM program. However, the treatment and 
control classrooms differed on the implementation of the 
ROOTS Tier 2 intervention. In treatment classrooms, at-
risk students received the ROOTS intervention 3 days per 
week, instead of completing the ELM worksheet activity at 
the end of ELM instruction. All ROOTS instruction was 
delivered by district-employed instructional assistants. At-
risk students in the control classrooms participated in ELM 
instruction, 5 days per week, including the worksheet activ-
ity. Preliminary models included tests of the effects of 
ROOTS instruction but no effects were detected. Conse-
quently, the ROOTS distinctions were ignored in this study.

ELM professional development.  In both Year 1 and Year 2, ELM 
teachers participated in four 6-hr workshops. Workshops were 
distributed across the school year according to ELM’s quar-
terly teacher manuals (30 lessons each). That is, in the summer 
and prior to the start of the school year, ELM teachers received 
the first workshop on Lessons 1 to 30. Then, prior to Lessons 
31, 61, and 91, teachers received the second, third, and fourth 
workshops, respectively. Workshops shared procedures for 
implementing evidence-based teaching practices and provided 
ELM teachers active learning opportunities to deliver sample 
lessons.

Table 1.  Study Participants and Teacher Demographics by Study Year.

Level Both years Year 1 onlya Year 2 onlya Total

Participating schools, teachers, and classrooms
  Schools
    Oregon 17 7 0 24
    Texas 23 0 0 23
    Total 40 7 0 47
  Teachers
    Oregon 21 43 8 72
    Texas 48 17 14 79
    Total 69 60 22 151
Teacher demographics
  Percent female — 98 97 —
  Percent holding graduate degree — 39 34 —
  Completed college coursework in algebra — 51 57 —
  Race/ethnicity
    Percent White — 69 60 —
    Percent Hispanic — 20 25 —
    Percent Other — 11 15 —

Note. ELM = Early Learning in Mathematics.
aTeacher demographics are provided separately by year and thus represent teachers’ unique participation by study year in the ELM Efficacy Trial.
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Classroom Observations of Student–Teacher 
Interactions—Mathematics (COSTI-M)

The COSTI-M is a validated, low-inference observation 
tool designed to document the frequency of evidence-
based teaching practices (Doabler et al., 2015; Smolkowski 
& Gunn, 2012). Specifically, the COSTI-M targets the 
occurrences of four evidence-based teaching practices 
(i.e., teacher models, academic feedback, group responses, 
and individual responses). All four teaching practices are 
captured in real time and coded in a serial fashion.

Teacher models were operationalized as a teacher’s 
explanations, verbalizations of thought processes, and phys-
ical demonstrations of mathematical content. For example, 
observers coded a teacher model if the teacher explicitly 
described the structural features of an “add to” word prob-
lem (i.e., an action element where the quantity is increased). 
Academic feedback was operationalized as a teacher’s ver-
bal reply or physical demonstration to affirm or clarify a stu-
dent response. For example, observers recorded an academic 
feedback code if the teacher restated a correct answer, such 
as “Yes Bailey, six plus one equals seven.”

Group response opportunities were defined as a mathe-
matics-related verbalization produced by two or more stu-
dents in unison. Examples of group responses include three 
students concurrently identifying the attributes of a geo-
metric shape. Individual response opportunities were coded 
whenever a single student had the opportunity to verbalize 
or physically demonstrate her mathematical thinking, such 
as when a teacher asked a specific student to answer a 
mathematical question (e.g., “Clara, can you use the place 
value bocks to show 15?”). Observers also coded an indi-
vidual response when the teacher posed a question to the 
entire group, in which it was implied that an individual stu-
dent would be asked to provide an answer or response (e.g., 
“Who can explain how to solve the problem?”; one or more 
students raise hands and the teacher calls on one student to 
respond). To avoid coding extraneous responses not elic-
ited by the teacher, group and individual responses had to 
be preceded by teacher-posed, mathematics questions or 
requests. In the current study, rates per minute for the four 
teaching practices were computed as the frequency of the 
behavior divided by the duration of the observation in min-
utes. The COSTI-M has evidence of predictive validity 
with a standardized mathematics achievement measure  
(p = .004, pseudo R2 = .08) and a battery of mathematics 
curriculum-based measures (p = .017, pseudo R2 = .05; see 
Doabler et al., 2015).

Classroom Observation Procedures

Core mathematics instruction was observed in all partici-
pating classrooms in the multi-year, ELM efficacy trial 
(Clarke et  al., 2015). In both Year 1 and Year 2, trained 

observers conducted classroom observations in the fall, 
winter, and spring of each respective school year, with 
approximately 6 weeks of instruction separating each obser-
vation round. One observation was planned per classroom 
for each observation round. Across Year 1 and Year 2, a 
total of 658 observations were completed; 17 planned 
observations were missed due to scheduling conflicts or 
teacher absences. Observations were conducted during core 
mathematics instruction and observers coded for the entire 
instructional period. All classrooms in both Year 1 and Year 
2 committed to teaching mathematics at least 45 min per 
day. The average duration of observations was 46.86 min in 
Year 1 and 37.84 min in Year 2. All observations were 
scheduled in advance and were not specific to mathematical 
content (e.g., geometry), lesson number, or a particular 
instructional day (e.g., start or end of a weekly math unit).

Observers included former educators, doctoral stu-
dents, faculty members, and experienced data collectors. 
In each project year, observers received 14 hr of training 
across three sessions, including an initial training lasting 6 
hr. Two 4-hr follow-up trainings were conducted prior to 
the winter and spring observation rounds to help minimize 
observer drift and increase interobserver reliability. 
Training focused on kindergarten mathematics instruction 
and procedures associated with the use of the COSTI-M. 
Prior to observing independently, observers were required 
to complete a video reliability checkout and a real-time 
classroom checkout with a trained research team member. 
Using a smaller/larger interobserver reliability index, all 
observers met an agreement criterion of .85 or higher with 
both checkouts.

Interobserver Reliability Estimates

On 137 occasions (Year 1 = 74, Year 2 = 63), two observ-
ers collected data simultaneously in the same classrooms 
to assess interobserver reliability. To more rigorously 
measure interobserver reliability, we calculated intraclass 
correlations (ICCs), which represent the proportion of 
variance associated with the observation occasion, 
opposed to the observers. In Year 1, we found ICCs of .67 
for teacher models, .92 for group responses, .95 for indi-
vidual responses, and .90 for academic feedback. In Year 
2, we found ICCs of .82 for teacher models, .94 for group 
responses, .92 for individual responses, and .82 for aca-
demic feedback. Per guidelines proposed by Landis and 
Koch (1977), these ICCs represent substantial to nearly 
perfect interobserver reliability.

Statistical Analysis

Prior to developing our statistical models, we carefully 
examined the univariate distributions of the evidence-based 
teaching practice variables (i.e., rates of teacher models, 
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group and individual responses, and teacher-provided aca-
demic feedback), checking for outliers and non-normal dis-
tributions. We also examined scatter plots to check bivariate 
distributions of the repeated measures for the same prob-
lems. Because of the modest sample size of teachers, we 
elected to log transform all rates to better approximate the 
normality assumptions underlying the latent variable mod-
els. Thus, for each rate variable, we added a small positive 
constant (between .25 and .50, chosen to minimize skew-
ness) to eliminate scores of zero, took the natural log, and 
multiplied by 10. For brevity, we will refer to the log trans-
formed rates as simply the rates except in instances where 
this would lead to confusion.

We evaluated our research hypotheses using a series of 
latent variable, three-level models: repeated rates nested 
within teachers at Level 1, teachers nested within districts at 
Level 2, and teachers nested within districts at Level 3. For 
each type of evidence-based teaching practice, we specified 
the rates from the three repeated observations nested within 
a study (i.e., one school year) as indicators of a single 
teacher-level latent rate variable. All models included data 
from both Year 1 and Year 2, with correlations between the 
two teacher-level latent rate variables across the years. We 
included these parameters because we expected the evi-
dence-based teaching practices not only to correlate over 
time but also to evaluate the extent to which the introduc-
tion of ELM to CON-ELM prior to the start of Year 2 dis-
rupted the stability of these teaching practices compared 
with ELM-ELM. Factor loadings were all constrained to be 
equal to one and the factor mean was set to zero, making the 
teacher-level model a random intercept model. The latent 
variable model at the district level had the same form as the 
teacher-level model. A path diagram is shown in Figure 1 
that illustrates the basic features of the three-level model.

Given the consistency of the ELM program’s instruc-
tional design, we had no reason to expect changes across the 
three occasions of observation within a school year. That is, 
we expected most of the change in teacher behavior to occur 
after ELM teachers received the initial professional devel-
opment (PD) workshop and first began implementing ELM. 
Accordingly, we constrained all residual variances and indi-
cator intercepts to be equal, although these constraints were 
checked for compatibility with the data. Results of prelimi-
nary models testing for potential group differences in the 
residual covariance structure indicated that any potential 
effects of ROOTS in Year 2 were not large enough to be 
meaningful or detectable with our sample size, so we 
ignored the ROOTS distinction for the remainder of the 
analyses. We also checked for higher order clustering 
effects due to teachers being nested within schools within 
districts and found that school effects were very small and 
never significant given district effects.

We fit three-level models using LMER (Bates, Maechler, 
Bolker, & Walker, 2015) or LME (Pinheiro & Bates, 2000) 

in R (R Core Team, 2016) with the standard assumption of 
MAR for missing data and restricted information maximum 
likelihood estimation (REML). All p values are two-tailed 
and all p values from standard tests were replaced by p val-
ues based on parametric bootstrapping (Bates et al., 2015; 
Halekoh & Højsgaard, 2014) based on 1,800 bootstrap rep-
lications for each model.

We first modeled the rate of each evidence-based teach-
ing practice using an unconstrained baseline model that was 
stratified by status (CON-ELM vs. ELM-ELM), which 
allowed separate sets of parameters in both groups and in 
both years within a group. We then compared the fit of the 
baseline model with one with complete covariance con-
straints, and made comparisons between groups based on 
the model that best fit the data.

Results

Table 2 provides sample sizes, means, standard deviations, 
and skewness and kurtosis statistics for each repeated rate 
variable (raw rate per minute scale, no log transformation) 
in the CON-ELM and ELM-ELM groups. The rate scores 
from each occasion of observation did not suffer from floor 
effects. Across all occasions, no rate variable in either group 
had more than 4% of the observed values that were exactly 
zero. As noted above, however, rates were somewhat posi-
tively skewed and so were log transformed to better approx-
imate normality. Figure 2 shows the mean log transformed 
rates by group across all six observation occasions in the 
ELM efficacy trial (Year 1 = occasions 1–3, Year 2 = occa-
sions 4–6). Group differences are readily apparent in Year 1 
(i.e., the ELM teachers are consistently higher than the 
CON teachers), as is the increase in mean logged rates for 
the CON group in Year 2.

Model Fit

For all rates, we found no evidence for differences in the 
rate-level residual variance (variances of the e latent resid-
ual variables in Figure 1) either across groups or across 
years. Nested chi-square tests indicated that differences in 
rate-level residual variances across the CON-ELM and 
ELM-ELM groups were nonsignificant and the 95% CI for 
the rate-level residual variances were highly overlapping 
(for the four rates, from 70% to 98% of the smaller 95% CI 
was overlapped by the larger 95% CI). Additional details 
are reported in Table 3. For group response opportunities, 
the assumption of a stable mean level across the occasions 
within a year did not hold for the ELM-ELM teachers in 
Year 1. The first observation occasion in Year 1 for the 
ELM-ELM teachers was significantly higher than Occasions 
2 and 3, which is clearly apparent in Figure 2. When we 
modified the group response opportunities baseline model 
to account for this, the fit improved substantially.
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The complete covariance constraints model fit no worse 
than the unconstrained model for all rates and hence is our 
preferred model on the basis of parsimony. Note that the 
fact that the complete covariance constraints model is the 

preferred model means that the ELM intervention did not 
significantly disrupt the Year 1 to Year 2 stability of evi-
dence-based teaching practices. Because we had no 
hypotheses about district effects, we summed teacher and 

Figure 1.  Path diagram for three-level model.
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Table 2.  Descriptive Statistics for Rate Variables (Rate Per Minute) by Year, Observation Occasion, and Group Status.

Year Occasion Group n M SD Skew Kurt Minimum Maximum

Teacher feedback
1 1 CON-ELM 27 0.53 0.39 0.77 −0.48 0.00 1.47
  ELM-ELM 33 0.92 0.65 2.39 6.77 0.24 3.38
  2 CON-ELM 60 0.46 0.32 0.89 0.13 0.04 1.36
  ELM-ELM 68 0.70 0.38 0.56 0.02 0.02 1.88
  3 CON-ELM 61 0.57 0.44 2.02 5.42 0.00 2.29
  ELM-ELM 68 0.86 0.44 0.97 0.82 0.16 2.28
2 1 CON-ELM 54 0.71 0.40 0.82 1.73 0.07 2.08
  ELM-ELM 37 0.86 0.57 0.90 0.50 0.09 2.38
  2 CON-ELM 51 0.79 0.48 1.38 2.60 0.21 2.54
  ELM-ELM 37 0.94 0.47 0.82 0.67 0.19 2.28
  3 CON-ELM 53 0.77 0.41 1.68 5.29 0.10 2.50
  ELM-ELM 37 0.90 0.42 0.26 −0.95 0.22 1.77
Group responses
1 1 CON-ELM 27 0.94 0.68 1.38 1.78 0.11 2.94
  ELM-ELM 33 1.97 1.08 2.88 12.34 0.66 6.82
  2 CON-ELM 60 0.86 1.16 3.63 16.27 0.04 7.28
  ELM-ELM 68 1.31 0.80 0.76 −0.16 0.12 3.54
  3 CON-ELM 61 0.76 0.65 1.51 2.06 0.00 2.78
  ELM-ELM 68 1.26 0.73 0.86 0.34 0.16 3.10
2 1 CON-ELM 54 1.40 0.83 2.69 11.91 0.20 5.63
  ELM-ELM 37 1.53 0.57 0.34 −0.50 0.51 2.77
  2 CON-ELM 51 1.34 0.84 1.33 1.59 0.22 4.06
  ELM-ELM 37 1.40 0.70 0.00 −0.94 0.28 2.80
  3 CON-ELM 53 1.16 0.67 1.10 1.48 0.22 3.35
  ELM-ELM 37 1.51 0.77 0.85 1.21 0.37 3.78
Individual responses
1 1 CON-ELM 27 0.47 0.45 1.59 2.44 0.00 1.82
  ELM-ELM 33 0.67 0.44 0.88 0.43 0.03 1.85
  2 CON-ELM 60 0.46 0.32 1.06 1.14 0.03 1.55
  ELM-ELM 68 0.74 0.50 1.83 6.68 0.04 3.06
  3 CON-ELM 61 0.46 0.35 0.82 0.11 0.00 1.37
  ELM-ELM 68 0.58 0.47 1.57 2.21 0.00 2.00
2 1 CON-ELM 54 0.73 0.47 0.78 0.12 0.00 2.05
  ELM-ELM 37 0.71 0.45 0.29 −0.74 0.00 1.66
  2 CON-ELM 51 0.97 1.07 4.58 26.61 0.00 7.42
  ELM-ELM 37 0.94 0.64 0.83 −0.09 0.11 2.54
  3 CON-ELM 53 0.77 0.50 1.46 2.97 0.03 2.55
  ELM-ELM 37 0.72 0.40 0.10 −0.89 0.03 1.49
Teacher models
1 1 CON-ELM 27 0.60 0.37 1.25 2.17 0.09 1.70
  ELM-ELM 33 0.72 0.45 0.98 1.21 0.09 2.08
  2 CON-ELM 60 0.54 0.46 1.81 3.58 0.00 2.25
  ELM-ELM 68 0.58 0.43 1.98 5.50 0.04 2.38
  3 CON-ELM 61 0.53 0.42 1.34 2.49 0.00 2.17
  ELM-ELM 68 0.57 0.38 1.42 1.76 0.11 1.79
2 1 CON-ELM 54 0.78 0.45 2.36 10.61 0.14 3.00
  ELM-ELM 37 0.90 0.49 1.27 1.65 0.14 2.23
  2 CON-ELM 51 0.80 0.48 0.91 0.48 0.13 2.17
  ELM-ELM 37 0.85 0.48 0.54 −0.83 0.12 1.83
  3 CON-ELM 53 0.58 0.36 1.31 2.04 0.11 1.73
  ELM-ELM 37 0.70 0.36 0.52 −0.82 0.17 1.41

Note. Variations in sample size within group are due to differences in teacher and observer availability by observation occasion. CON-ELM = control—
ELM group; ELM-ELM = ELM—ELM group; ELM = Early Learning in Mathematics.
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district variances and teacher and district covariances to 
get overall latent variance and overall longitudinal latent 
correlation to compare with rate-level residual error vari-
ance. The overall latent longitudinal correlations were all 
significant and were .34, .72, .53, and .83, respectively, for 
demonstrations, feedback, group responses, and individual 
responses. The reliabilities for a single occasion of obser-
vation (ICCs) are the ratio of overall variance to total vari-
ance (overall variance plus rate-level residual error 
variance), and were .21, .37, .34, and .36, respectively, for 
demonstrations, feedback, group responses, and individual 
responses. These ICCs imply reliabilities for three 

occasions of observation that are quite modest, .44, .64, 
.61, and .63, respectively, for demonstrations, feedback, 
group responses, and individual responses. Because not all 
teachers had three occasions of observation, these reliabili-
ties are upper limits, which justifies the latent variable 
approach.

Research Question 1

Parameter estimates for each latent rate model are reported 
in Table 4. To test our hypotheses about longitudinal differ-
ences in evidence-based teaching practices, we conducted 

Figure 2.  Rates by teacher group across the ELM efficacy trial.
Note. ELM = Early Learning in Mathematics; CON-ELM = control—ELM group.

Table 3.  Model Fit Summaries Testing the Equality of Year 1 Versus Year 2 Variances for Each Rate Variable.

Rate variable REML chi-square df Chi-square p value Parametric bootstrap p value

Teacher demonstrations 4.490 2 0.106 0.194
Teacher feedback 0.056 2 0.972 0.976
Group responses 4.875 2 0.087 0.105
Individual responses 2.168 2 0.338 0.418

Note. REML = restricted information maximum likelihood estimation.
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hypothesis tests on the mean contrasts of interest from our 
preferred model for each rate. Results are shown in the top 
three panels of Figure 3 using Hedges’s g values on the log 
transformed scale, where mean contrasts are divided by an 
estimate of the population standard deviation for the log 
transformed latent rate. In the top panel of Figure 3, longi-
tudinal change in the CON-ELM group was positive and 
significant for all four rates. For the ELM-ELM group (third 
panel from the top of Figure 3), although change was posi-
tive for all four rates, only for two rates, group responses 
and teacher demonstrations, was the magnitude of change 
big enough to be significant. The second panel from the top 
of Figure 3 shows the contrast between longitudinal change 
for ELM-ELM versus CON-ELM and as is apparent, the 
contrast is consistently negative which indicates that CON-
ELM changed significantly more for three of the four rates, 
teacher demonstrations being the only nonsignificant con-
trast. For academic feedback, group responses, and indi-
vidual responses, longitudinal change effect sizes for the 
CON-ELM teachers were more than twice as large as those 
for the ELM-ELM teachers. The effect size differences 
likely reflect the immediate impact of ELM on the use of 
evidence-based teaching practices of teachers who deliv-
ered standard district practices and programs during the 
previous year. For teacher demonstrations, the amount of 
growth from Year 1 to Year 2 did not differ across the ELM-
ELM and CON-ELM teachers. This finding was consistent 
with the lack of differences in teacher models between 
ELM-ELM and CON-ELM teachers in Year 1.

Research Question 2

Results from the Year 2 cross-sectional comparison shown 
in the bottom panel of Figure 3 indicate that ELM-ELM 
teachers had nonsignificantly different rates compared with 
the CON-ELM teachers in Year 2. However, effect sizes 
(Hedges’s g) for teacher demonstrations, group responses, 

and academic feedback were moderate, 0.33, 0.42, 0.43, 
respectively, while the corresponding effect size for indi-
vidual responses was quite small, –0.10. In summary, 
although the evidence is not strong, the moderate effect 
sizes suggest that a second year of teaching experience with 
the ELM program had some impact on teachers’ modeling 
of mathematical content, facilitating group practice oppor-
tunities, and providing academic feedback. No such evi-
dence was apparent for individual responses.

Discussion

The purpose of the current study was to examine longitudi-
nal and cross-sectional differences of observed rates of 
evidence-based teaching practices for two distinct groups of 
teachers in the ELM efficacy trial. The first group (CON-
ELM) was represented by kindergarten teachers who pro-
vided business-as-usual instruction in Year 1 of the efficacy 
trial and the ELM program in Year 2, while kindergarten 
teachers who used ELM in both Year 1 and Year 2 of the 
ELM efficacy trial represented the second group (ELM-
ELM). Data were analyzed using a three-level, latent vari-
able model (rates within teachers, teachers within districts, 
and districts).

For our first research question, we tested the longitudinal 
effects of ELM on the teaching practices of teachers who 
served as control teachers in Year 1. We hypothesized that 
the mean rates of teaching practices would increase with the 
introduction of ELM in Year 2 for the CON-ELM teachers. 
Our results indicate that teachers who were new to ELM in 
Year 2 facilitated higher levels of all four rates relative to 
their instructional delivery documented the previous year. 
These findings suggest that ELM significantly increased the 
use of evidence-based teaching practices for teachers who 
served as control teachers in the year prior. These results are 
noteworthy because they lend support not only to the 
robustness of the reported effects in Doabler et al. (2014) 

Table 4.  Parameter Estimates for the Complete Covariance Constraints Model for Each Rate Variable.

Parameter

Teacher demonstrations Teacher feedback Group responses Individual responses

95% CI 95% CI 95% CI 95% CI

Est. Low High Est. Low High Est. Low High Est. Low High

Total latent variance 4.17 1.66 7.81 7.14 4.91 10.17 9.05 5.16 14.50 9.51 5.97 14.65
Latent correlation 0.34 0.00 0.93 0.72 0.43 0.99 0.53 0.12 0.88 0.83 0.51 1.00
ICC 0.21 0.09 0.34 0.37 0.28 0.47 0.34 0.22 0.46 0.36 0.26 0.48
Teacher variance 1.82 0.23 3.71 6.16 4.01 8.44 5.89 3.47 8.81 6.86 4.51 10.14
District variance 2.35 0.41 5.73 0.98 0.00 2.98 3.16 0.44 8.21 2.64 0.24 6.91
Teacher correlation 0.04 0.00 1.00 0.80 0.45 1.00 0.43 0.00 0.97 0.97 0.59 1.00
District correlation 0.57 0.00 1.00 0.22 0.00 1.00 0.70 0.00 1.00 0.50 0.00 1.00
Residual variance 15.88 13.62 18.12 12.14 10.39 13.76 17.63 15.14 20.21 16.79 14.33 18.87

Note. Confidence intervals are based on parametric bootstrapping. CI = confidence interval; Est. = point estimate; ICC = intraclass correlation.
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Figure 3.  Forest plot of standardized effect sizes (Hedges’s g) and 95% confidence intervals.
Note. ELM = Early Learning in Mathematics; CON-ELM = control—ELM group; CE = CON-ELM group; EE = ELM-ELM group.
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but also to the rationale for teachers using explicit mathe-
matics programs to facilitate evidence-based practices dur-
ing core mathematics instruction.

We were also interested in whether the introduction of 
ELM in Year 2 for the CON-ELM teachers would lower the 
cross-year stability correlation compared with teachers who 
used ELM in both years. We did not find this to be true. In 
other words, for example, teachers who tended to provide 
relatively less frequent group response opportunities 
appeared to continue doing so, even after implementing 
ELM. Future research with an additional control group that 
does not implement ELM could more rigorously test this 
hypothesis.

For our second research question, we tested whether the 
amount of experience teaching ELM (i.e., 1 year vs. 2 years) 
affected the mean rates of evidence-based teaching prac-
tices. Our cross-sectional hypothesis was that the number of 
years of experience with ELM would affect rates of teach-
ing practices. That is, we anticipated that teachers who 
implemented ELM for two consecutive years would have 
higher mean rates in Year 2 than those teachers who pro-
vided standard district practices in Year 1 and then ELM in 
Year 2. While results for this research question were non-
significant, interpretation of the effect sizes suggest that a 
second year of ELM teaching experience helped teachers 
facilitate higher rates of evidence-based teaching practices 
than teachers who were new to the program in Year 2. For 
example, the effect sizes for teacher demonstrations, group 
responses, and academic feedback were 0.33, 0.42, and 
0.43, respectively. Effect size differences between the 
ELM-ELM and CON-ELM teachers for individual 
responses were small (g = −0.10).

Limitations

Interpretation of our findings must be viewed in light of 
several limitations. First, the study used a modest sample 
size, including only 151 kindergarten teachers. Future effi-
cacy research with larger sample sizes is therefore war-
ranted. In addition, the observation plan for Year 1 and Year 
2 entailed a maximum of three observations per classroom. 
This decision was based on available resources in the ELM 
efficacy trial. Although additional observations may have 
provided more precise estimates of teachers’ use of evi-
dence-based teaching practices, direct observations are 
often resource intensive, particularly in large-scale efficacy 
trials implemented in different geographical regions. Future 
research may consider video recording classroom instruc-
tion to reduce the financial burden of real-time observa-
tions. A third limitation relates to the possibility of 
influencing teachers’ behaviors through direct observation. 
However, concerns of introducing a type of “reactivity” 
among participants were significantly reduced in this study 
given that information about the kinds of data collected 

during the classroom observations was masked and not 
shared with participating teachers. Interpretation of our 
results for teacher models was also complicated by the 
somewhat lower reliability estimates in Year 1, relative to 
other evidence-based teaching practices.

Another limitation is the lack of qualitative information we 
report about the observed evidence-based teaching practices. 
Comprehensive measurement systems, as noted by Douglas 
(2009), document a broad range of classroom features, includ-
ing instructional quality. Although the observation system 
used in the ELM efficacy trial measured the quality of evi-
dence-based teaching practices, these data were not included 
in the current analyses because different quality measures 
were administered in Year 1 and Year 2. Consequently, an 
investigation of the longitudinal differences in the quality of 
evidence-based teaching practices both within and between 
the CON-ELM and ELM-ELM groups was not possible. 
Additional research using a common measure of observed 
instructional quality is therefore needed.

Relatedly, the COSTI-M was developed and validated as 
a low-inference, frequency count observation measure 
(Doabler et al., 2015; Smolkowski & Gunn, 2012). While 
the COSTI-M documents the explicit teaching practices 
identified in the accumulating knowledge base for effec-
tively teaching students with or at risk for MLD (Dennis 
et  al., 2016; Gersten et  al., 2009), it does not capture the 
complexity, duration, or clarity (e.g., volume and pacing) of 
a teacher’s overt demonstrations and explanations. 
However, as noted by Snyder et al. (2006), conducting rig-
orous intervention efficacy trials “entails making choices 
about measurement strategies to adequately capture each 
construct or element as defined by the theories informing 
the intervention” (p. 44). Against that backdrop, the princi-
pal investigators of the ELM efficacy trial selected the 
COSTI-M because it directly maps onto the theoretical 
mechanisms that are hypothesized to guide the ELM pro-
gram’s theory of change (see Clarke et al., 2015).

Implications for Research and Practice

Overall, these results suggest that core mathematics pro-
grams with purposefully planned instructional design 
frameworks can increase teachers’ use of evidence-based 
teaching practices during core mathematics instruction. 
Such teaching practices offer key opportunities for students 
to (a) receive demonstrations about new and complex math-
ematics concepts, (b) verbalize and demonstrate their math-
ematical understanding, and (c) obtain timely feedback 
from teachers to correct misconceptions or affirm mathe-
matical thinking. In light of these findings, we believe this 
study raises several interesting considerations for teaching 
students with or at risk for MLD.

First, a growing body of research suggests that explicit 
mathematics instruction improves the mathematics 
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achievement of students with or at risk for MLD (Dennis 
et al., 2016; Gersten et al., 2009). Yet, studies also suggest 
that features of this evidence-based instructional approach 
are largely missing from many of the mathematics programs 
used to teach struggling learners (Bryant et  al., 2008). 
Therefore, we encourage curriculum developers to consider 
embedding explicit teaching practices within mathematics 
programs. For example, because mathematical proficiency 
is mostly comprised of students’ ability to express and show 
their mathematical thinking and understanding, curriculum 
developers should ensure that programs offer frequent, cog-
nitively demanding opportunities for students to practice 
(e.g., mathematics verbalizations).

Another implication from the current study pertains to 
teaching experience with explicit mathematics programs. 
We found that, with exception of individual responses, 2 
years of experience with the ELM program increased teach-
ers’ delivery of overt teacher models, group responses, and 
academic feedback. This finding has implications for teach-
ers who sustain implementation of explicit mathematics 
programs. Additional years of experience with such pro-
grams may serve as an optimal mechanism to enhance 
teachers’ use of evidence-based practices. Relatedly, we 
encourage researchers to investigate whether continued 
implementation of explicit mathematics programs produces 
greater student mathematics achievement.

Finally, and a challenge encountered in most observa-
tional research, is the notion of volatility or day-to-day vari-
ability of classroom instruction (Douglas, 2009; Snyder 
et  al., 2006). Research suggests that specific classroom 
instructional practices can be volatile on a day-to-day basis 
(Doabler et  al., 2014). In the current study, we observed 
similar signs of volatility, including modest within-year 
ICCs for observed evidence-based teaching practices, 
which is what lead us to use latent variable models to avoid 
the downward bias on effect sizes that goes with such vola-
tility. Given that observations were not specific to ELM les-
sons but rather conducted based on availability of the 
classroom teachers, this volatility may have been due, at 
least in part, to the type of mathematical content observed. 
For instance, it is possible that more stable teaching prac-
tices occur when instruction focuses on mathematical pro-
cedures, such as solving addition and subtraction problems, 
as compared with conceptually based topics, such as under-
standing the concept of zero or equal. Future research in this 
area is warranted.

Conclusion

Over the past several decades, special education research-
ers have begun to establish evidence-based practices 
through methodologically rigorous research studies. One 
instructional practice found to have a strong evidentiary 
basis for supporting the development of mathematics 

proficiency among students with or at risk for MLD is 
explicit mathematics instruction. The current study inves-
tigated the longitudinal effects of a core mathematics pro-
gram on teachers’ use of four evidence-based practices 
associated with explicit mathematics instruction. Findings 
from this study suggest that the implementation of explicit 
mathematics programs may increase teachers’ facilitation 
of overt teaching models, student practice opportunities, 
and academic feedback. Future research is warranted to 
determine whether our findings replicate with other core 
mathematics programs and hold up to variations in Tier 2 
and Tier 3 settings.
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