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THEORY, CONTEXTS, AND MECHANISMS

Student Behavior Ratings and Response to Tier 1 Reading
Intervention: Which Students Do Not Benefit?

Wilhelmina van Dijka , Christopher Schatschneiderb , Stephanie Al Otaibac ,
and Sara A. Hartb

aDepartment of Special Education and Rehabilitation Counseling, Utah State University, Logan,
Utah, USA; bFlorida Center for Reading Research and Department of Psychology, Florida State
University, Tallahassee, Florida, USA; cDepartment of Teaching and Learning, Southern Methodist
University, Dallas, Texas, USA

ABSTRACT
Core reading instruction and interventions have differential effects
based on student characteristics such as cognitive ability and pre-
intervention skill level. Evidence for differential effect based on
affective characteristics is scant and ambiguous; however, students
with problem behavior are more often non-responsive to core read-
ing instruction and intensive reading interventions. In this study, we
estimated the range of students’ behavior ratings in which a core
reading instruction intervention was effective using a data set includ-
ing 3,024 students in K-3. Data came from seven independent stud-
ies evaluating the Individualized Student Instruction (ISI) Tier 1
reading intervention and were pooled using integrative data analysis.
We estimated Johnson–Neyman intervals of student behavior ratings
that showed a treatment effect both at the within and between
classroom level. ISI was effective in improving reading scores
(b¼ 0.51, p ¼ .020, d¼ 0.08). However, students with very low or
very high behavior ratings did not benefit from the approaches
(range of behavior rating factor scores: �0.95–2.87). At the classroom
level, students in classrooms with a higher average of problem
behaviors did not benefit from ISI (average classroom behavior rat-
ing factor score: 0.05–4.25). Results suggest differentiating instruction
alone is not enough for students with behavior problems to grow in
reading ability.
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Becoming literate is an essential skill in today’s information society. The basis for these
skills is established in the early elementary grades. Reading is not a natural process and
needs to be taught through explicit and systematic instruction (Foorman & Torgesen,
2001). Unfortunately, many students struggle learning to read. This is exemplified by
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the fact that about 39% of US fourth graders are reading below a basic level (U.S.
Department of Education, Institute of Education Sciences, National Center for
Education Statistics, National Assessment of Educational Progress (NAEP), 2022). Low
reading proficiency places students at risk for several adverse life outcomes, such as not
completing high-school (Hernandez, 2011). Since young students with higher reading
skills show steeper growth across the early elementary years (Tang & Dai, 2021), and
students that struggle early do not easily catch up with peers (Biancarosa & Snow,
2004), it is especially important to provide high-quality classroom instruction and
targeted interventions to prevent and remediate difficulties in foundational reading skills
such as phonological and phonemic awareness, decoding, and vocabulary.

Fortunately, research consistently shows high quality Tier 1 instruction and Tier 2
and 3 interventions geared toward struggling readers and readers with reading disabil-
ities are effective in remediating deficits (e.g., Swanson et al., 2017; Wanzek et al.,
2016, 2018) and that improvements continue over time (Suggate, 2016). However,
while high quality Tier 1 instruction and early reading interventions haven proven
effective for struggling readers, not all students respond to instruction and interven-
tion to the same degree. For most instruction and intervention, there are individual
differences in responsiveness, resulting in some children benefitting less than others
(Al Otaiba & Fuchs, 2002; Fuchs & Fuchs, 2019). Unfortunately, there is little evidence
allowing researchers and teachers to pinpoint for which children an instruction or
intervention might be ineffective before starting. Students who do not respond well to
instruction or intervention will fall even more behind and, because they have wasted
precious time, need to work even harder to catch up. In other words, when instruction
and interventions are not specific to students’ needs, they are impeding reading pro-
gress instead of nurturing growth. In order to provide individualized instruction by
choosing, implementing, and adjusting instruction or intervention to suit a specific
student’s needs (Hagan-Burke et al., 2013) , it is important to understand the robust-
ness of instruction and interventions by detailing the specifics of child characteristics
by instruction (CxI) interactions (Connor et al., 2009; Fuchs & Fuchs, 2019). Knowing
for which students a specific instructional approach or intervention works or does not
work, allows for better individualized instruction leading to the greatest and fastest
gain for all students.

This line of thought is a product of the theory on aptitude by treatment (ATI), origi-
nating in the late 1960s and further developed by Cronbach and Snow. ATI states that
any aptitude, whether cognitive or affective, can moderate the effectiveness of instruction
and intervention and that optimal learning occurs when instruction is adapted to the apti-
tudes of a learner (Cronbach & Snow, 1977). More broadly speaking, any child character-
istic may affect instruction, whether these are skills or behaviors. One way to uncover
these CxI interactions is through identifying preintervention characteristics that differenti-
ate students who improved after an intervention from those that did not (Preacher &
Sterba, 2019). Many researchers interested in CxI interactions have focused on cognitive
factors such as preintervention characteristics. Phonological awareness skills, rapid naming
speed, knowledge of the alphabetic principle, memory capacity (Al Otaiba & Fuchs, 2002;
Hart et al., 2016), and pre-intervention skill level (e.g., Coyne et al., 2018) are all factors
influencing response to intervention. Collectively, this research has shown that instruction
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and intervention is less effective, or not effective at all, for students with low cognitive
abilities.

Besides cognitive skills, researchers have also looked at behavioral factors as potential
CxI interactions. Students with behavior problems, whether these are externalizing,
internalizing, or hyperactive/inattentive, are more likely to have reading difficulties
(DuPaul et al., 2016). Conversely, poor readers are more likely to also have behavior
problems (Lin et al., 2013; Morgan et al., 2008). For students with existing behavior
problems, learning to read may prove difficult for a variety of reasons, including the
need to be focused, attentive to details, and on task. Students with hyperactivity/inatten-
tive behaviors are likely to have a harder time with attention and focus. Students with
externalizing behavior problems may lose instructional time by acting out as a means to
escape instruction. During their acting out and the subsequent aftermath, they do not
have to engage in the task and can avoid possible feelings of failure and embarrassment
(Lin et al., 2013). Students with internalizing problems may experience loss of concen-
tration due to negative thoughts (Grills-Taquechel et al., 2012). The potential of interfer-
ence of problem behaviors on intervention effectiveness is evident. Profile analyses of
non-responders to several interventions have demonstrated that students with problem
behaviors are less likely to benefit from universal and intensive reading interventions
than students without problem behaviors (Al Otaiba & Fuchs, 2006).

In addition to identifying which pre-intervention characteristics separated students
that benefited from instruction or intervention from those who did not benefit,
researchers can also examine CxI interactions using moderation analysis. To our know-
ledge, only four studies examined this interaction between problem behavior and
intervention effectiveness specifically (i.e., Hagan-Burke et al., 2011; Hurry et al., 2018;
Rabiner & Malone, 2004; Roberts et al., 2019), and the results are varied.

Hagan-Burke et al. (2011) examined if the influence of problem behavior on reading
outcomes is moderated by the type of intervention provided. Kindergarten students at
risk for reading difficulties received either a school designated intervention or a code-
based early reading intervention. The results showed a relation between internalizing
problems and reading outcomes was present, but this relation was not moderated by
explicit and systematic code-based instruction. However, there was slight variation in
kindergarten students’ alphabet knowledge and decoding skills depending on their level
of externalizing problems and hyperactivity. Hurry et al. (2018) examined if problem
behaviors (i.e., emotional, conduct, hyperactivity, and a composite) moderated the
effects of two interventions relative to a control group for a sample of first grade
students at risk for reading difficulties. They found no statistically significant interac-
tions for any of the reading measures, with the exception of hyperactivity which had a
negative influence on the effect of phonological training on reading ability. However,
the authors of this study did not account for classroom level clustering effects in their
analyses, limiting the interpretability and validity of these findings.

Rabiner and Malone (2004) investigated the moderating relation of inattention on the
effect of tutoring on word reading skills for first graders with high externalizing prob-
lems who were at risk for reading difficulties. They found a significant interaction
between inattention and treatment; however, when accounting for other problem behav-
ior (i.e., externalizing, internalizing, and hyperactivity) the moderation was not
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significant. Similar to the Hurry et al. (2018) study, this study did not account for stu-
dent clustering in the analysis, and it is unclear if interventionists were experienced
enough to deal with the inattention and externalizing behaviors of these students.
Finally, Roberts and colleagues (2019) examined the moderating relation of problem
behavior on the effects of a multi-component reading intervention on struggling 4th
and 5th grade readers. They found the interaction between the intervention and prob-
lem behavior subscale of Social Skills Improvement System–Rating Scale was statistically
significant for the Gates MacGinitie Reading Test but not for the Woodcock Johnson
Passage Comprehension subtest. When looking within the subscales of the Social Skills
Improvement System–Rating Scale, only the externalizing subscale statistically signifi-
cantly moderated both reading comprehension outcomes. Neither internalizing nor
hyperactivity showed a statistically significant interaction. In sum, the outcomes from
these studies did not show a clear pattern for any of the subtypes of problem behavior
(i.e., externalizing, internalizing, or hyperactivity/inattention) or for any of the reading
outcomes assessed. It is plausible this inconclusive evidence is a result of low power to
detect significant interactions due to the relatively small sample sizes used in these stud-
ies (n ranging from 108 to 581). Additionally, all studies were limited to struggling read-
ers which may have impacted the relation through range restriction.

The Current Study

While the relation between reading difficulties and problem behavior has been solidly
established, it is still unclear how problem behavior, especially as perceived by the class-
room teacher, is related to intervention and instructional effectiveness. Likely, this is a
result of the small number of studies explicitly probing this interaction effect and the
low sample sizes and restricted ranges of reading abilities or problem behavior in these
studies. In the current study, we aim to broaden the evidence by examining how per-
ceived problem behavior moderates the relation between the effect of one core class-
room reading instruction intervention, Individualized Student Instruction (Connor
et al., 2007), on student reading outcomes in the early grades.

Individualized Student Instruction

Connor and colleagues established in earlier studies (Connor, Morrison, & Katch, 2004;
Connor, Morrison, & Petrella, 2004) that students’ reading skills at the beginning of an
academic year influenced their growth in word reading, vocabulary and reading compre-
hension; however, the growth also depended on the amount of time teachers spent on
code-focused or meaning-focused instruction. As a result of these exploratory, observa-
tional studies, Connor and colleagues conceptualized Individualized Student Instruction
(ISI) as a Tier 1 intervention. ISI aimed to help early elementary teachers increase dif-
ferentiation in their core reading instruction by adapting the amount of time they pro-
vided a type of instruction (code- or meaning-focused) in specific instructional
groupings (e.g., whole class, small group, or individual instruction) based on each stu-
dent’s needs. By attending to CxI interactions and adapting instruction to student char-
acteristics, reading growth should be optimized.
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ISI has been described in detail previously (see, e.g., Al Otaiba et al., 2014; Al Otaiba
et al., 2011; Connor et al., 2007; Connor, Morrison, Fishman, et al., 2011; Connor,
Morrison, Schatschneider, et al., 2011) and we will provide a brief description here.
Three main features distinguish the ISI classroom intervention: (a) a software program
that supports data-based individualization by providing recommended amounts of code-
focused and meaning-focused reading instruction for each student at various points in
the school year; (b) extensive professional development in the use of the software
program and in adapting instruction (e.g., type, grouping, intensity) to meet students’
needs; and (c) coaching for literacy instruction in the classroom through bi-weekly
classroom-based observations and support as well as monthly meetings as communities
of practice (Al Otaiba et al., 2011; Connor et al., 2013). Classroom instruction under ISI
supported teachers in providing their students with the appropriate amount of code-
and meaning-focused instruction in either teacher-directed small group settings or inde-
pendent student centers. Activities and instruction followed core reading curricula that
were adapted to meet the needs of the students, and were supplemented with other
sources, such as activities from the Florida Center for Reading Research.

Connor and colleagues conducted seven RCTs to establish the effectiveness of ISI. In
these RCTs, classrooms were randomly assigned to a condition and the intervention was
compared to business as usual (BAU) conditions, or alternative interventions (see
Table 1 for specifics of each RCT). In the control conditions, teachers were still expected
to differentiate instruction based on students’ needs, as part of general classroom
instruction. Results across the RCTs suggest that teachers trained and coached in ISI
increased their use of differentiating instruction and that their students’ reading skills
increased compared to those in control conditions (Al Otaiba et al., 2014, 2016; Al
Otaiba et al., 2011; Connor et al., 2007, 2013; Connor, Morrison, Fishman, et al., 2011;
Connor, Morrison, Schatschneider, et al., 2011). In two of the studies, analyses suggested
that students’ growth increased as teachers provided code- and meaning-focused
instruction close to the amounts recommended by the software (Connor et al., 2007,
2009), suggesting that attention to CxI interactions can increase growth in reading skills.
Additionally, recent research on two of the ISI RCTs suggests teachers attended to more
than just the ISI software when providing instructional grouping: ratings of problem
behavior and perceived academic competence were also of influence. Teachers spent
more time in small group instruction with students rated as higher in problem behavior,
if they perceived these students to be more competent academically compared to stu-
dents with higher problem behaviors but lower perceived academic competence (Toste
et al., in press). Taken together, the results from previous studies suggest attending to

Table 1. ISI study characteristics.
Project N (treatment–control) Control group Grade Year

Project 1 362–279 BAU K 2007–2008
Project 2 261–253 BAU K 2008–2009
Project 5 410–394 BAU 1 2005–2006
Project 6 245–150 BAU 1 2007–2008
Project 7 196–284 Vocabulary 2 2007–2008
Project 8 176–183 Vocabulary 3 2008–2009
Project 9 279–232 Math 1 2008–2009

Note. BAU: Business as usual instruction.
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students’ cognitive skills increases reading growth, but perceived problem behavior
might influence teachers’ decisions on how to provide instruction.

Study Objectives
The ISI intervention studies provide a unique opportunity to examine the moderation
relation of perceived problem behavior on intervention effectiveness. Data from the
seven RCTs are publicly available through Project KIDS (Hart et al., 2021a, 2021b) and
we applied Integrative Data Analysis (IDA) to combine data from these seven interven-
tion studies into one dataset. With this large and varied sample all receiving the same
intervention, we examined if the effectiveness of Individualized Student Instruction is
different dependent on teacher ratings of their students’ behavior by examining the
regions of significance of this interaction. Specifically, we aimed to answer the following
research questions:

1. What is the overall effect of ISI across different intervention studies?
2. Are there ranges of behavior ratings for which the ISI classroom intervention

is not effective?

Method

To examine the differential effect of behavior ratings on the effectiveness of ISI, a com-
prehensive Tier 1 approach to early reading instruction, we used publicly available data
from Project KIDS (Hart et al., 2021a, 2021b). Project KIDS (Daucourt et al., 2018; van
Dijk, Norris, et al., 2022) combined item level achievement and behavioral data from
eight independent randomized control trials evaluating the effect of ISI conducted in
schools in a southeastern state in grades K-3 between 2005 and 2013 (Al Otaiba et al.,
2011, 2014, 2016; Connor et al., 2007, 2013; Connor, Morrison, Fishman, et al., 2011;
Connor, Morrison, Schatschneider, et al., 2011), with the intention of analyzing the data
in novel ways. van Dijk, Norris, et al. (2022) provide extensive details about the design
and procedures of the original studies, the procedures of Project KIDS’ data collection,
and each of the datasets.

For the current study, we used two IDA techniques to pool scores from the individual
RCTs into one estimate. Generally, IDA can be defined as “the analysis of a single data
set that consists of two or more separate samples that have been pooled into one”
(Curran & Hussong, 2009, p. 83). While to date not often used in educational science
(e.g., Jansen et al., 2020), IDA has been used in health research, epidemiology, and
developmental psychology (e.g., Daucourt et al., 2018; Hornburg et al., 2017; Leijten
et al., 2018). However, IDA is an ideal methodology for pooling educational intervention
studies together because it capitalizes on between-study variability, for example variabil-
ity that arises from differences in sampling techniques, the timeframes in which studies
were conducted, overall study design, and measurement (Curran & Hussong, 2009).
Additional advantages of IDA are (1) the increased statistical power associated with the
larger sample, (2) the greater heterogeneity of the sample increasing generalizability to
the population, (3) the higher occurrence of low base rate behaviors that allows for
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subgroup analysis in the pooled sample, and (4) the stronger psychometric properties of
measurement of a construct through pooling items (Curran & Hussong, 2009).

Participants

The complete Project KIDS data set includes 4,036 individual students. We used the
complete data set to generate scaled scores and impute missing data, but the moderation
analysis included only those students with teacher behavior ratings from seven projects.
Students from a study in which two approaches to response to intervention were com-
pared (Al Otaiba et al., 2014) were excluded from the analysis since both treatment and
control group received the ISI intervention. The sample for the moderation analysis
consisted of 2,683 students nested in 257 teachers in 29 schools and represents a diverse
student body (49.8% female, 4.1% Latine, 0.2% Native American, 2.5% Asian, 44.4%,
Black, 0.4% Pacific Islander, 45.1% White, and 3.4% multiracial). Table 2 provides spe-
cifics on participant characteristics. All original studies received IRB approval for their
randomized control trials, and Project KIDS also had IRB approval to access and com-
bine the original data samples and conduct further investigations.

Measures

Problem Behavior
Classroom teachers filled out the Social Skills Rating Scales (SSRS; Gresham & Elliott,
1990) during the Winter semester. The SSRS asks teachers to rate students’ social skills,
academic competence, and problem behaviors. In this study, we used items of the

Table 2. Select participant characteristics.

Variable

Current sample Intervention group Control group

N % M SD N % M SD N % M SD

Total 2,683 1,472 54.8 1,210 45.2
Gender
Male 1,346 50.2 763 51.8 583 48.2
Female 1,337 49.8 709 48.2 627 51.8

Ethnicity
Latino/a 110 4.1 62 5.1 48 4.2
Not Latino/a 2,557 95.3 1,397 94.9 1,159 95.8

Race
Native American/Alaskan Native 6 0.2 3 0.2 3 0.2
Asian 66 2.5 35 2.3 31 2.6
Black 1,190 44.9 682 46.3 508 42.0
Hawaiian/Pacific Islander 10 0.4 6 0.4 4 0.3
Caucasian/White 1,209 45.6 629 42.7 579 47.9
Multiracial 92 3.5 53 3.6 39 3.2
Other 33 1.2 16 1.1 17 1.4

FRL
Qualified 1,086 40.5 583 39.6 585 48.3
Not qualified 827 30.8 444 30.2 383 31.7
(Missing) 788 29.4 445 30.2 342 28.3

Pretest reading 2,663 0.05 5.89 1,466 �0.04 5.82 1,196 0.17 6.00
Posttest reading 2,619 �0.19 6.13 1,436 0.01 6.20 1,182 �0.45 6.04
SSRS-PB 2,683 0.01 1.00 1,472 0.05 1.00 1,210 �0.05 1.01

Note. FRL: Free or reduced priced lunch; SSRS-PB: Social Scales Rating System Problem Behavior, Scores are factor scores.
Scores for reading are factor scores.
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Problem Behavior subscale. This subscale consists of 18 items on a 3-point scale (i.e.,
0¼never, 1¼ sometimes, and 2¼ very often) addressing students’ typical externalizing,
internalizing, and hyperactive behavior. The reported internal consistency estimates on
the SSRS teacher form for the problem behavior subscale is a ¼ 0:88 (Gresham et al.,
2011). After the development of the SSRS in the 1980s, results from several studies sug-
gest the teacher form has criterion validity (Gresham & Elliott, 1990), discriminant val-
idity (e.g., Ogden, 2003; Van der Oord et al., 2005), and construct validity (e.g., Elliott
et al., 1988; Walthall et al., 2005).

Reading
During the intervention studies, all participants were assessed by study staff with a bat-
tery of achievement and cognitive measures at the beginning, middle, and end of the
academic year. For this study, we used a subset of reading achievement measures from
the beginning and end of the year to estimate the effects of the treatments. Specifically,
we included scores from the Letter-Word ID (LW), Word Attack (WA), Picture
Vocabulary (PV), and Passage Comprehension (PC) subtests of the Woodcock-Johnson
III Tests of Achievement (Woodcock et al., 2007) and scores from the Print Knowledge
(PK) subtest of the Test of Preschool Early Literacy (TOPEL; Lonigan et al., 2007).

For LW, students are asked to name letters and read unknown words increasing in
difficulty tapping into word recognition. The test-retest reliability estimates of the norm-
ing sample range between .90 and .96 and split half reliability estimates range between
.88 and .99 (McGrew et al., 2007). During the WA subtest, students are asked to read
nonsense words and highly infrequent words of increasing difficulty to gauge their
decoding skills. One year test-retest reliability estimates range from .63 to .81 and split-
half reliability estimates range from .78 to .94 (McGrew et al., 2007). The PV subtest
assesses students’ oral vocabulary and language development by asking them to name
depicted objects. The test-retest reliability of the norming sample range between 0.70
and 0.81 and split half reliability ranges from .70 to .93 (McGrew et al., 2007). During
the PC subtest, students are asked to read sentences or passages in which specific words
are blanked out; students are to provide words without the help of a word bank.
Alternate form reliability estimates range between .84 and .96 and split-half reliability
estimates range from .73 to .96 (McGrew et al., 2007). The PK subtest of the TOPEL
measures students’ alphabet knowledge and knowledge about written language conven-
tions, ranging from identifying which picture has a word in it to naming sounds of spe-
cific letters. The internal consistency of the TOPEL-PK is reported at a ¼ :96 (Lonigan
et al., 2007).

Data Analytic Plan

Scaling of Measures
We first used IDA (Bauer & Hussong, 2009) to estimate latent scores on behavior and
reading. The use of IDA helps to ensure that scores of participants from different proj-
ects are on the same scale. To estimate students’ behavior rating, we used moderated
non-linear factor analysis (MNLFA) to estimate factor scores for all students. In
MNLFA, the parameters estimating factor loadings, means, and variance as well as
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indicator intercepts, are allowed to vary as a function of moderator variables (Bauer &
Hussong, 2009). This moderation removes possible differential item functioning and
establishes scores on the same scale. Following procedures delineated by Curran et al.
(2014), our model included project and student age (linear, squared, and cubed) as
moderators. See Table S-1 for the final model. The composite reliability of the factor
scores for our sample was 0.95. The MNLFA analysis was conducted in Mplus 7.3
(Muth�en & Muth�en, 1998–2002).

To scale students’ reading ability, we used measurement invariance models. Our
approach has been detailed in van Dijk, Schatschneider, et al. (2022), and we will pro-
vide a brief description here. We estimated reading ability as a single latent factor
using the five reading assessments as indicators. First, we created random normal
deviates for variables missing completely within a project (Widaman et al., 2013). We
then used the free baseline approach to examine invariance across the projects. To
avoid rejecting models with small differences that are significant due to sample size,
we compared the sample value of the central v2 distribution to a critical value adjusted
based on a non-centrality parameter representing close fit (MacCallum et al., 2006).
This led to a partial strong invariance model for both pre- and posttest (Table S-2
contains the full models). Composite reliability within projects for the latent reading
scores ranged from 0.82–0.93 at pretest and 0.73-0.94 at posttest. We extracted the
factor scores for each student to use as variables in the final models. All measurement
invariance modeling was conducted in R (R Core Team, 2022) with the lavaan
package (Rosseel, 2012).

Missing Data
Our approach to missing data included scores of those students with SSRS scores from
the complete sample (n¼ 3,026). Data were winsorized at the 99th percentile to reduce
the influence of outliers. Because some students were missing scores on the latent read-
ing assessments (n¼ 41 at pretest and n¼ 100 at posttest), we used multiple imputation
(Rubin, 2004) to avoid case-wide deletion and enable the analyses to be done with a
complete data set. We generated 5 imputations based on 25 iterations with the mice
package (Buuren & Groothuis-Oudshoorn, 2011), taking the multi-level structure of the
data into account. Table S-3 shows means and SD for the full Project Kids sample, the
sample used for the present study, and of the imputed data sets; means and standard
deviations across data sets and imputations are comparable.

Modeling Approach
With the imputed data set, we ran hierarchical linear models (HLM), accounting for the
nesting of students in classrooms and schools for the seven projects on ISI effectiveness
(n¼ 2,683). We analyzed means-as-outcomes models, separating the effect of the pre-
dictor variables into within and between components. For the variables of interest, we
used a model building approach adding in the pre-intervention reading estimates first,
then treatment variables, and finally the behavior variables and their interaction with
treatment, comparing models using the D2 likelihood-based method (Li et al., 1991),
specifically tailored toward data from multiple imputations. We estimated the
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interaction of treatment and student behavior both at the student and classroom level
(Preacher & Sterba, 2019). The final model is as follows:

Yijk ¼ ~c000 þ ~c100TREATijkþ
~c200 Readijk � Read :jk

� �
þ ~c020 Read :jk � Read :k

� �
þ ~c002 Read :kþ

~c300 PBijk � PB:jk
� �þ ~c030 PB:jk � PB:k

� �
þ ~c003 PB:kþ

~c400TREATijk� PBijk � PB:jk
� �þ ~c040TREATijk� PB:jk � PB:k

� �
þ

t00k þ r0jk þ eijk,

,

where Yijk is the individual student latent reading score post-intervention, ~c000 the
intercept and ~c100 the overall treatment effect (the focal coefficient for research ques-
tion 1). Regarding pre-intervention reading scores, ~c200 represents the within class-
room effect, ~c020 the between classroom effect, and ~c002 the between school effect.
Similarly, for ratings of problem behavior, ~c300 represents the within classroom effect,
~c030 the between classroom effect, and ~c003 the between school effect. ~c400 represents
the within classroom interaction coefficient between treatment and ratings of problem
behavior and ~c040 the between classroom interaction coefficient (these represent the
focal coefficients for research question 2). Finally, t00k represents the school level
residual, r0jk the classroom level residual, and eijk the student level residual. All HLMs
were estimated in R (R Core Team, 2020) with the lme4 (Bates et al., 2015) and mitml
(Grund et al., 2019) packages.

Finally, we probed the interaction terms of interest (i.e., treatment effect by behavior
rating) by plotting the simple slope and 95% confidence band and calculating the range
of significance through Johnson–Neyman (J–N) intervals (Johnson & Neyman, 1936).
These intervals are useful to understand under which condition a moderating effect
operates (Preacher et al., 2006; Preacher & Sterba, 2019), and have been specifically
used in ATI research (Preacher & Sterba, 2019; Rogosa, 1981). The J–N technique
involves plotting the simple slope of an interaction effect with 95% confidence bands
(i.e., continuously plotted 95% confidence intervals). The confidence intervals at each
point vary as a function of the moderator, and the upper and lower bounds are there-
fore not parallel to the simple slope (Preacher et al., 2006). After plotting the simple
slope with its confidence bands, the values on the moderator where the confidence
bands first exclude zero are calculated. The region within these two values constitutes
the region of significance and includes all values of the moderator where the treatment
effect is statistically significantly different from zero (Rogosa, 1981). One additional
value of the J–N technique is that “a useful region of significance can be obtained even
when the null hypothesis of parallel within-group regressions is not rejected.” (Rogosa,
1981, p. 83). In other words, the technique can help illuminate for which values of a
moderator the difference between groups is significantly different from zero, even if the
initial hypothesis test of an interaction was not statistically significant. The J–N plots
were generated in R with code provided through http://www.quantpsy.org/interact/hlm2.
htm. This website provides tools for plotting J–N intervals for interactions with both
treatment effect and moderator happening at L1 (i.e., within classrooms) and for cross-
level interactions (i.e., between classrooms).
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Results

About 55% of students were part of the treatment group. The treatment and control group
did not differ in student demographics (Gender v2 ¼ 4.55, p ¼ .103; Ethnicity v2 ¼ 4.69,
p¼ 0.320; Race v2 ¼ 11.33, p ¼ .789, or eligibility for free or reduced priced lunch v2 ¼
4.04, p ¼ .854). The groups were equal in their pre-intervention reading skills (t2521.3 ¼
0.84, p ¼ .402, d=-0.03 [�0.11–0.04]) but differed on their scores on behavior rating scale
(measured mid-year during the original studies) with the control group scoring slightly
higher (t2571.1 ¼ �2.6, p ¼ .010, d¼ 0.1 [0.02–0.18]).

The unconditional 3-level models showed about 3% of the variance due to school
level factors, 11% due to classroom level factors, and the remaining 86% at the stu-
dent level, suggesting a three-level model was appropriate. After accounting for stu-
dents’ preintervention reading ability, the treatment showed a statistically significant
effect (b¼ 0.47, p ¼ .032) and this addition was a significant improvement to the
model conditional on reading (F1, 260.662 ¼ 4.64, p ¼ .032). Our next model included
students’ behavior rating, and its interaction with treatment. This model was an
improvement to the previous model (F5,662.945 ¼ 11.656, p < .001). Table 3 provides
model estimates for all models.

Our final model included preintervention reading skills, behavior ratings, and
the interaction between behavior ratings and treatment, separated at the within
and between classroom level. The results suggest the ISI intervention had a statis-
tically significant effect on students’ reading skills (b¼ 0.51, p ¼ .020, d¼ 0.08)
after controlling for their prereading skills and behavior rating. Students’ preread-
ing skills were positively associated with their post-test scores, not only at the
student level (b¼ 0.72 p < .001), but also at the classroom (b¼ 0.80, p< .001)
and school level (b¼ 0.81, p < .001). That is, controlling for treatment and
behavior ratings, students in higher performing classrooms at pretest had, on
average, higher post-test scores, and students in higher performing schools at pre-
test had, on average, higher post-test scores. Unsurprisingly, students’ behavior
ratings had a significant negative relation to their post-test performance, both as
individuals (b ¼ �0.57, p < .001) and in classrooms (b-1.18, p ¼ .007). There
was no difference in reading outcomes and behavior at the school level (b ¼
�0.18, p ¼ .865). The interaction term of treatment with student behavior ratings
was not statistically significant at the individual student level (b ¼ �0.08, p ¼
.621), but was at the classroom level (b¼ 1.06, p ¼ .045). Since these parameters
are estimated at the mean level only, we estimated the Johnson–Neyman intervals
to determine the range of scores on the behavior rating within which the treat-
ment was significant (Preacher & Sterba, 2019). This range of scores was between
�0.95 and 2.87 at the individual level and between 0.05 and 4.25 for classrooms
(see Figure 1). These results suggest that, compared to students in the control
conditions with similar behavior ratings, students with either low or very high
average behavior ratings did not increase their reading skills significantly from
pre- to postintervention. Similarly, students in classrooms with higher average
behavior ratings did not benefit from the intervention compared to students in
similar classrooms in the control conditions.
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Discussion

ATI theory states student learning can be optimized by adapting instruction and inter-
ventions to match a student’s cognitive or affective characteristics (Cronbach & Snow,
1977). Understanding which child characteristics interact with instruction and interven-
tions can help teachers choose interventions and implement them in a way that will
lead to highest gains for all students. It is clear that the effectiveness of comprehensive
reading approaches in raising reading outcomes for early elementary students depends
on their pre-intervention reading and cognitive ability (e.g., Coyne et al., 2018; Hart
et al., 2016). However, previous research has provided mixed evidence of students’
behavior as a moderator to treatment effectiveness. To provide more specific evidence

Figure 1. 95% Confidence bands of the simple slope for treatment effect by student problem behav-
ior. The dotted lines represent the values of factor scores on Social Skills Rating Scores-Problem
Behavior subscale between which the treatment is significant. The x-axis spans only the observed val-
ues in our sample.
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on the moderating relation, our study used a large, combined sample of seven RCTs of
the ISI intervention. The sample included students with wide ranges of both reading
ability and behavior ratings. Similar to other studies using a composite reading score
(Hurry et al., 2018; Rabiner & Malone, 2004), the interaction coefficient of problem
behavior and treatment in our study was not statistically significant at the individual
student level, suggesting mean student behavior ratings are not related to a differential
effect of the ISI intervention. In order to obtain a more nuanced picture of the inter-
action, we modeled the simple slope with confidence bands and estimated the range of
statistical significance of the treatment across behavior ratings with Johnson–Neyman
intervals. These ranges suggest the ISI intervention was only statistically significantly
effective for students with average behavior ratings. Roberts and colleagues (2019) also
found above average behavior ratings moderated the treatment effect on measures of
reading comprehension. While those authors tentatively contributed this pattern to low
sample sizes, our results, based on a large sample, suggest that this might be a general
pattern. Combined, these results support the idea that, besides cognitive skills, affective
characteristics of students also influence response to treatment.

Additionally, the results from this study also suggest teachers’ perceptions of student
behavior relative to their classroom as a whole influences the effectiveness of reading
instruction and intervention. The statistically significant interaction of teacher ratings
and treatment at the classroom level suggests that ISI became increasingly effective as
the average behavior ratings in a classroom increase. However, for classrooms with a
relatively high average of behavior ratings, the difference with the control group was no
longer statistically significant. None of the previous studies investigating the moderating
relation of student behavior ratings on reading separated within and between classroom
effects, and it is therefore unclear if our findings are common or anomalous. Recent ISI
research suggests that teachers spent more time in small group instruction with students
rated as higher in problem behavior, if they perceived these students to be more compe-
tent academically compared to students with higher problem behaviors but lower per-
ceived academic competence (Toste et al., in press). However, in classrooms with higher
average perceived problem behaviors, unproductive non-instructional time may be
increased due to managing behavior, time that is taken away from general reading
instruction (e.g., Day et al., 2015). If students from these classrooms are, instead, pro-
vided with high-quality reading instruction and interventions that include organizational
and emotional support to engage in the material, students may learn more effectively
(Foorman & Torgesen, 2001). To better understand how classroom dynamics influence
the effectiveness of interventions, future work should routinely include the distinction of
within and between classroom effects.

Our results suggest that students rated with very high behavior problems may need
additional supports to be able to benefit from reading instruction and interventions.
This finding is of importance because students with emotional and behavioral disorders
increase their reading skills at a lower rate compared to students with reading disabil-
ities (Anderson et al., 2001) and the rate decreases as the severity of the behavior chal-
lenges increases (Mellado de la Cruz et al., 2019). Failure to provide appropriate
interventions and core reading instruction will place them at increased disadvantage.
Students with problem behaviors not proficient in reading by third grade are four times
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more likely to drop-out of school compared to their reading proficient peers
(Hernandez, 2011), are more likely to become victims of bullying (Turunen et al., 2019),
have low high-school completion rates (Bradley et al., 2008), take longer to graduate
(Hakkarainen et al., 2016) and have poor post-school employment (Bradley et al., 2008;
Hakkarainen et al., 2016). Fortunately, there are specific interventions for students with
behavior problems that have been shown effective in increasing their reading abilities
(Roberts et al., 2020) and it is important for schools to provide these more specialized
interventions that take students’ problem behaviors into account.

Additionally, the results also suggest students with very low behavior problems
ratings did not benefit from the core reading instruction. It is possible this group of
students included highly proficient readers that needed amounts of meaning-focused
instruction that was beyond the reach of classroom teachers. Previous ISI research
suggested greater reading gains when teachers provided students with amounts of
instruction closer to the recommended amount (Connor et al., 2007, 2009). It is
equally possible students with very low behavior ratings are weaker readers. Previous
research has suggested teachers’ perceptions of student behavior, such as motivation,
work habits, and classroom behaviors, influence their expectations of students (e.g.,
Rubie-Davies, 2010; Timmermans et al., 2016). If teachers overestimated the reading
skills of these students due to their compliant demeanors, they may not have pro-
vided enough individualization in code- or meaning-focused instruction. It is unclear
what mechanism specifically underlies these results and future research might focus
on this group of students in particular.

Besides providing more specialized instruction and intervention, an increased
focus on behavior management seems pertinent given that students in classrooms
with higher perceived average behavior problems did not benefit from the ISI inter-
vention compared to control students in similar classrooms. Good behavior manage-
ment is associated with better student achievement across academic subjects (e.g.,
Korpershoek et al., 2016; van Dijk et al., 2019) and especially, in the case of reading,
for boys at risk for behavior disorders (Garwood & Vernon-Feagans, 2017).
Unfortunately, teachers often believe behavior management is the most difficult part
of their job (Reinke et al., 2011) and receive very little behavior management train-
ing (Freeman et al., 2014; Oliver & Reschly, 2010).

The results of this study should be considered in light of its limitations. First, to rep-
resent students’ behavior, we relied on teacher ratings of their students’ behavior taken
at one timepoint during the individual randomized control trials. This approach also
does not take the reciprocal relation between reading difficulties and problem behavior
into account, but rather treats teachers’ ratings of problem behavior as a relatively stable
construct. It is possible these ratings were influenced by biases and teachers may have
rated students relative to other students in their classroom (Dinnebeil et al., 2013). The
inclusion of multiple sources of information on student behavior, such as teacher and
parent ratings, could help stave off influence of teacher bias on behavior in future stud-
ies (Dinnebeil et al., 2013). Additionally, this study cannot distinguish between differen-
tial effects of the ISI intervention due to inadequate response to the intervention for
students with higher rated problem behaviors and a lack of intervention provided as a
result of actual problem behaviors. To get a more precise idea of how behavior might
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impede intervention effectiveness, future studies might consider including direct obser-
vation methods, specifically how teachers are interacting with students rated having very
high or very low problem behaviors during reading instruction. It is possible interac-
tions differ based on behavior ratings, as these influence teachers’ expectations of aca-
demic achievement (Rubie-Davies, 2010; Timmermans et al., 2016). Observations should
also take into account how teachers are managing behavior in their classrooms, as this
can lead to wasted instructional time or decreased efficiency of instruction. Since the
original ISI studies suggest better results for teachers that provided code- and meaning-
focused instruction closer to the recommended amounts (Connor et al., 2007, 2009),
tying observations of student behavior and teachers’ behavior management with obser-
vations of instruction could help us understand the mechanisms behind the non-
response of both students with very low and very high ratings of problem behavior.

Second, our results are focused on effects during the intervention year only. Given
the slower reading growth of students with behavior problems, it is possible the inter-
action becomes more pronounced over time and the range of non-responders might dif-
fer. Longitudinal models may provide a more detailed picture of how problem behaviors
influence reading outcomes for students receiving interventions over time. Relatedly, we
did not take grade level differences into account. The relation between problem behavior
and academic achievement is recursive (e.g., Morgan et al., 2008). Students in higher
grades may have different responses to interventions due to a compounding effect of
not having learned to read in the previous years. This might lead to increased frustra-
tion, feelings of failure, and embarrassment (Lin et al., 2013). Future research might
focus on disentangling these possible grade level effects.

Conclusion

Providing high-quality, core classroom reading instruction and interventions are essen-
tial for students to become literate, but they do not work for all students. In order to
ensure equal opportunities for all students in a society highly focused on information
processing, it is essential to uncover the contextual factors that make reading instruction
more or less effective. Teacher ratings of student behavior is one such contextual factor.
Adapting instruction to match the individual needs of students is important to help stu-
dents start their education with the best possibility for becoming successful.
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