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Abstract 

The Individualized Student Instruction (ISI) intervention was designed to help teachers 

increase their use of differentiated core reading instruction, to optimize student growth by 

providing appropriate amounts of code- and meaning focused instruction. Based on the results 

from original studies on ISI, it is still unclear if differentiated instruction can mitigate the 

influence of individual differences and if this is similar for all students. Using integrative data 

analytic techniques, we will combine data from six randomized control trials on the ISI 

intervention conducted in kindergarten and first grade, to obtain dataset with a total sample of 

3,197. Conditional quantile regression models will be fit to gauge differential effects on word 

reading and vocabulary outcomes and the potential moderating effect of pre-intervention skills.  
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Examining differential intervention effects: Do Individualized Student Intervention effects 

vary by student abilities and characteristics?  

Despite comprehensive efforts to increase the reading level of US students, only about 

one third of fourth graders reach proficiency (National Center for Education Statistics, 2019). 

Lack of reading proficiency is linked to poor academic, social, and economic outcomes 

(Sabatini, 2015). Providing high quality classroom instruction coupled with evidence-based 

supplementary intervention has been shown to reduce reading difficulties for many groups of 

students (e.g., Foorman & Moats, 2004; Foorman & Schatschneider, 2003). However, there are 

individual differences in how students respond to early instruction and intervention, with some 

students making greater gains and others benefitting less (Lovett et al., 2017; Pellegrini, 2001). 

Understanding the individual differences driving response to instruction and intervention can 

help researchers and practitioners make better predictions about which students may need extra 

help in reading, allowing more efficient allocation of precious time and resources (Al Otaiba & 

Fuchs, 2002; Lam & McMaster, 2014). 

Reading proficiency is typically measured using assessments of reading comprehension. 

According to the simple view of reading, reading comprehension is the product of decoding and 

linguistic comprehension (Gough & Tunmer, 1986; Hoover & Gough, 1990). Skilled decoding 

includes multiple skills and mental processes, such as phonological decoding, orthographic 

mapping, and automatic recognition of words (Ehri et al., 2001; Lonigan et al., 2018; Nation, 

2019). Linguistic comprehension refers to “the ability to take lexical information...and derive 

sentence and discourse interpretations” (Hoover & Gough, 1990, p. 131). This can include a 

wide range of skills and processes, such as vocabulary, syntax, inference-making, and listening 

comprehension (Catts et al., 2006; Oakhill & Cain, 2012; Ouellette & Beers, 2010). Numerous 
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studies have tested the simple view and supported the conclusion that decoding and linguistic 

comprehension are the primary contributors to reading comprehension across age and ability 

(e.g., Foorman et al., 2015; Kendeou et al., 2009; Lonigan et al., 2018). In fact, Lonigan et al. 

(2018) concluded that, across multiple models, 85% to 100% of reading comprehension variance 

was accounted for by latent measures of both decoding and linguistic comprehension combined.  

The simple view holds as a viable explanation for the processes involved in developing 

reading comprehension, and it has also been used to explain reading difficulties. Gough and 

Tunmer (1986) suggested that the two components of the simple view can explain dyslexia (weak 

decoding, typical linguistic comprehension), hyperlexia (typical decoding, weak linguistic 

comprehension), and “garden variety” poor readers (weak in both areas). Its strength as a model 

for understanding reading difficulties has led to the development of many interventions for 

struggling readers that focus on word reading, vocabulary, listening or reading comprehension, or 

a combination of these. Intervention research has demonstrated that students’ word reading and 

comprehension skills increase when instruction and intervention are aligned and focused on 

developing young readers’ understanding of the alphabetic principle and decoding skills (Ehri et 

al., 2001; Vadasy et al., 2008), but the strength of the relation between decoding and 

comprehension weakens as students get older and the text they encounter becomes more complex 

(Catts, 2018; García & Cain, 2014). The relation between vocabulary and comprehension has also 

been well established (Bauman, 2009), but the strength of this relation increases as reading 

material becomes more challenging (Catts, 2018; Snow et al., 2007). However, the role of 

vocabulary and other types of linguistic-related instruction (i.e., syntax, morphology, pragmatics) 

in improving reading comprehension is complex (Snow, 2002), and individual differences appear 

to be a contributor to this complexity (Colenbrander et al., 2016). A comprehensive approach to 
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early reading instruction and intervention should include evidence-based practices for teaching 

decoding and vocabulary (National Institute of Child Health and Human Development (NICHD), 

2000), but the focus of instruction should be based on an understanding of “the interactions 

between the skills that children bring to school and the instructional strategies they encounter in 

the classroom” (Connor, Morrison, & Katch, 2004, p. 332). 

Individualized Student Instruction 

Individualized Student Instruction (ISI) is an intervention program originally developed 

by Carol Connor and her colleagues to help teachers increase their use of differentiated core 

reading instruction. Earlier studies indicated students’ skills on both word reading and 

vocabulary at the beginning of a year influenced how much growth students exhibit in word 

reading, vocabulary and reading comprehension; however, the growth also depended on the 

amount of time teachers spent on code focused or meaning focused instruction (Connor, 

Morrison, & Katch, 2004; Connor, Morrison, & Petrella, 2004). By helping teachers provide 

appropriate amounts of code- and meaning focused instruction, ISI meant to optimize students’ 

growth, not only in decoding and vocabulary skills but also in reading comprehension skills. 

ISI has been described in detail previously (see for example, Al Otaiba et al., 2014; 

Al Otaiba et al., 2011; Connor et al., 2007; Connor, Morrison, et al., 2009; Connor, Morrison, 

Fishman, et al., 2011; Connor, Morrison, Schatschneider, et al., 2011) and we will provide a 

brief description. The ISI reading intervention consists of three main features, (a) a software 

program that supported data-based individualization and which recommended amounts of code- 

and meaning focused reading instruction for each student that were calculated based on student 

data at various points in the school year; (b) extensive professional development for teachers on 

how to use the software program and adapt instruction to meet students’ needs; and (c) coaching 
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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 was conceptualized from the Simple View of 

Reading and supported teachers in providing the students with the appropriate amount of code- 

and meaning focused instruction in either teacher-directed small group settings or independent 

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.  

ISI was tested in several large scale RCTs and compared to business as usual (BAU) 

conditions where teachers were still expected to differentiate instruction. The results of the RCT 

studies largely suggest teachers increased their use of differentiating instruction and that the 

approach had a positive effect on students’ reading skills compared to BAU instruction (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 showed that students performed better when they received amounts of code- and 

meaning focused instruction close to the amounts recommended by the software, but this was 

true in both intervention and control groups (Connor et al., 2007; Connor, Lara J., et al., 2009), 

suggesting that there was variation in the amount of differentiation in both ISI and BAU teachers 

and this variation affected student growth in similar ways. 

In some of the published studies, the authors tested for individual differences based on 

pre-intervention skills, but results were variable. The interaction of pre-intervention skills and 

treatment effect in three studies (Connor, Morrison, Fishman, et al., 2011; Connor, Morrison, 

Schatschneider, et al., 2011; Connor, Piasta, et al., 2009) was not statistically significant. 
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Connor, Morrison, Schatschneider, et al. (2011) then compared of effect sizes for students 

scoring at the 25th and 75th percentile at pre-intervention showed slightly larger effects for 

students with lower pre-intervention scores. Authors noted the study was underpowered, which 

may have been the reason the interaction effect was not statistically significant. Connor, Piasta, 

et al. (2009) noted that students with lower fall word identification scores were less likely to 

receive appropriate amounts of meaning-focused instruction, presumably because teachers spend 

too much time on code-focused instruction. In a growth model, Al Otaiba et al. (2016) found that 

lower pre-intervention skills generally led to higher growth on both word reading and vocabulary 

outcomes; however, pre-intervention skill was not modeled as an interaction, but as a predictor in 

the growth model. A final set of three papers did not mention checking pre-intervention skills as 

moderators (i.e., Al Otaiba et al., 2014; Al Otaiba et al., 2011; Connor et al., 2013). Collectively, 

the results seem to suggest students with lower pre-intervention skills make more gains than 

students who start with more skills. It is thus possible ISI is effective at its goal: optimizing 

student growth through differentiated instruction. However, given the relatively small sample 

sizes for moderation analysis and the non-significant interaction results in the original studies, it 

is unclear if ISI truly mitigated the effects of pre-intervention skills and if there are differential 

outcomes for students across the distribution of their posttest scores.  

The premise of ISI, to optimize students’ growth by providing just the right amount of 

code- and meaning focused instruction, could lead to an additional potential moderating effect. 

Students with low preintervention word reading skills might show large growth in word reading, 

but low growth in vocabulary. While teachers are expected to provide both code- and meaning 

focused instruction, the ISI program would likely suggest teachers spend more time on code-

focused instruction for students starting with low skills, especially when they have relatively 
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high vocabulary skills. However, students with both low preintervention word reading and 

vocabulary skills might make less growth in word reading, since they are likely to spend more 

balanced amounts of time on both code- and meaning focused instruction. In this last case, 

optimizing growth may lead to some growth in both areas, and not pronounced growth in one 

area.  

Examining Differential Effects on Instruction 

Research on intervention effectiveness in reading aims to show participation in an 

intervention increases students’ reading skills. After designing and running an experimental 

study, the statistical models most often used (i.e., ANOVAs or hierarchical linear models) to 

gauge the effect of interventions on student outcomes are based on the general linear model and 

evaluate the average treatment effect. These models come with an underlying assumption that the 

intervention is similarly effective for all students in the sample. In other words, the difference 

between the reading skills of students in the control and intervention groups is the same at the 

end of the intervention, no matter their final skills. Figure 1A illustrates this idea. In the figure, 

the dashed line represents the distribution of reading skills of a control group and solid line that 

of the intervention group. The distance between the two groups is 10 points, no matter how high 

or low the skills of the student. The estimation of the intervention effect at the mean (as is the 

default in general linear models) is thus representative of the effect for all participants. 

As many researchers have noted, estimating the effect at the mean may conceal that an 

intervention, while on average effective, is not effective for specific students (e.g., Fuchs & 

Fuchs, 2019). Several other scenarios for an intervention effect are possible (see Porter, 2015 for 

an extensive explanation). First, an intervention may be more effective for students with lower 

skills and not so effective for students with higher skills when compared with their peers in a 
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control group. In this scenario, the intervention would help students with lower skills catch up 

faster. This scenario is depicted in Figure 1B. Second, the opposite scenario is also possible. An 

intervention may be more effective for students with higher skills. This possibility represents 

interventions that maintain a Matthew effect (Stanovich, 1986). Finally, we can imagine a 

scenario where an intervention is only effective for the average students. Both higher and lower 

achieving students do not benefit in this scenario. See Figure 1C for an illustration of this 

scenario. In each of these three scenarios, estimating the intervention effect with general linear 

models will not detect these differences. In fact, the estimates for the intervention effect in the 

four scenarios are the exact same: the intervention increases students’ scores by 10 points.  

Fortunately, a different type of model exists that can consider these possible differences 

in intervention effects. Quantile regression avoids the linear distributional assumption of the 

general linear model by estimating the intervention effect at different points along the 

distribution of the outcome variable (Koenker & Bassett Jr, 1978; Petscher & Logan, 2014; but 

see also Wenz, 2019). Whereas in ordinary least squares (OLS) based methods in the general 

linear model framework only one estimate for a relation is estimated (i.e., the average treatment 

effect), in quantile regression the parameters for this relation are estimated at pre-specified 

quantiles of the outcome distribution. A quantile is a cutpoint dividing a distribution in equal 

parts; a widely used quantile is the percentile, dividing a distribution in 100 equally sized parts. 

By estimating parameters at each pre-specified quantile, quantile regression can show how the 

intervention effect changes depending on a student’s score on the outcome variable.  

Previous Research on Differential Intervention Effects Using Quantile Regression 

The quantile regression approach has been used previously, albeit sparsely, to evaluate 

reading interventions and, in particular, to inform the important consideration for whom an 
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intervention is effective. For example, Wanzek et al. (2016) examined the effects of a Tier 2 

literacy intervention. By first using linear mixed-models, they found an overall average effect of 

the intervention on one reading comprehension measure (i.e., Gates-MacGinitie Reading Tests; 

MacGinitie et al., 2000) but no effect on a second reading comprehension measure (i.e., 

Woodcock Johnson Passage Comprehension; Woodcock et al., 2007). The authors also 

employed quantile regression to determine if the intervention was more or less effective 

depending on students’ reading comprehension scores post intervention. Outcomes from this 

analysis showed the intervention was effective for students with outcomes scores on the Gates-

MacGinitie Reading Test between the 40th and 70th percentile, i.e., the middle of the distribution. 

The authors concluded the literacy intervention was least effective for students with low 

comprehension both at the start of the intervention and at the end of the intervention. 

Similarly, Solari et al. (2018) also augmented the main effect analysis of a Tier 1 & 2 

intervention with both an analysis of moderation of preintervention skills and a quantile 

regression analysis. The results from the main analysis showed the intervention had, on average, 

a statistically significant effect for almost all outcome variables, with pre-intervention word 

reading skills moderating the effect. The quantile regression analysis showed the intervention 

was statistically significant only for subsets of students. For decoding skills, the intervention was 

effective for those students at the 10th percentile; regarding word reading skills, students scoring 

between the 25th and 50th percentiles increased their skills statistically significantly. The oral 

reading fluency skills of students scoring above the 25th percentile increased significantly, as did 

the word reading fluency of students scoring above the 50th percentile. Finally, the intervention 

increased passage comprehension scores significantly only for students scoring at or above the 

90th percentile. In contrast to the study by Wanzek et al. (2016), these results paint a less clear 
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picture of how individual differences influence intervention effects. However, combining results 

from both the quantile regression and moderator analysis, the results suggest interventions were 

more effective for students with low word reading skills prior to start of the intervention and at 

the end of the intervention. Students with low post intervention scores on either word reading, 

word fluency, or oral reading fluency, however, did not benefit as much as students at the highest 

end of the distribution. Due to the relatively small sample size and large number of parameters 

estimated, it is difficult to judge the generalizability of these results. 

Previous Research on Differential Intervention Effects Using Moderator Analysis 

To understand which individual differences in students are related to lower response to 

interventions, most researchers have looked at moderator analyses in linear mixed methods 

frameworks (e.g., Coyne et al., 2019; Roberts et al., 2019). Moderator analyses show how effects 

of a treatment, and its statistical significance, are different along the distribution of the 

moderating variable. In other words, these analyses investigate if the effect of an intervention is 

dependent on individual differences in students’ pre-intervention skill level. This technique has 

garnered considerable attention in recent years, including a special issue of Exceptional Children 

(Fuchs & Fuchs, 2019) completely dedicated to re-examining findings from randomized control 

trials (RCTs) to explore/identify pre-intervention characteristics that influenced treatment 

response of students. Beyond the articles in that special issue, there has been limited work done 

on moderator analysis of pre-intervention skills and effects of multicomponent reading 

approaches and the results of this work provide a blurred picture of the interaction between 

students’ pre-intervention reading-related skills and multicomponent reading approaches.  

Word Reading Skills 

Word reading skills appear to interact with intervention effectiveness differently 
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depending on the grade level of students. For kindergarten students, it is unclear if pre-reading 

skills affect intervention outcomes. In a secondary analysis of a RCT of a code-based early 

reading intervention for kindergarten students, Hagan-Burke et al. (2013) found no significant 

interactions between pre-intervention alphabet knowledge (letter naming fluency and letter 

identification) or sound matching and the intervention. In a later study that included a second 

randomized control trial of the same intervention, however, Simmons et al. (2014) found 

students in the intervention condition who were better at sound matching pre-intervention scored 

higher on oral reading fluency, word identification, and passage comprehension post 

intervention. 

In the early elementary grades, children with lower word reading skills generally benefit 

more from (or show stronger gains) in reading interventions. For example, Fuchs and colleagues 

(2019) found a multicomponent reading intervention was more effective for first grade students 

with lower word reading skills. These students gained more word reading, non-word reading, and 

reading comprehension skills than students who started the intervention with higher word 

reading skills. Similarly, Wolff (2016) showed students with lower decoding skills who had 

received a reading intervention in third grade, had greater gains in reading five years later.  

Vocabulary Skills 

Vocabulary seems to matter as a predictor of response to interventions primarily focused 

on increasing and strengthening students’ vocabulary skills. For example, Coyne and colleagues 

(2019) showed that the effect of a vocabulary intervention on expressive vocabulary and 

listening comprehension was higher for students with higher vocabulary skills pre-intervention. 

In the case of comprehensive early reading approaches, however, the evidence that students’ 

vocabulary skills are associated with response to intervention is mixed. Vadasy and colleagues 
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(2008), showed receptive vocabulary impacted growth on pseudoword and sight word reading 

from first through third grade, an indication that some of these code-based intervention outcomes 

could depend on children’s vocabulary knowledge. Similarly, Lovett and colleagues (2017) 

found vocabulary interacted with intervention effects of a multicomponent reading intervention 

to increase students’ reading comprehension outcomes. Students with higher vocabulary scores 

gained more in reading comprehension than students with lower scores. However, the interaction 

was not significant for any of the other student outcomes (e.g., word reading skills). 

On the other hand, in the secondary analysis of the RCT by Hagan-Burke and colleagues 

(2013), there were no significant interactions between receptive vocabulary and intervention 

status on later decoding and phonemic awareness skills for kindergarten students. Extending this 

analysis to include a second randomized control trial, Simmons and colleagues (2014) showed 

that students’ receptive vocabulary skills were predictive of post-intervention outcomes in the 

control condition, but not in the intervention condition.  

Study Purpose and Research Questions 

For any instructional or intervention approach, it is important to understand for whom 

and under what conditions that instruction or intervention works. Unfortunately, results from 

general linear models may obfuscate contextual differences in interventions. In order for 

researchers and practitioners to make informed decision on which intervention to provide to 

whom, we need a better understanding if interventions have differential effects on students. 

Results from studies on ISI and other reading interventions (e.g., Al Otaiba et al., 2016; Fuchs et 

al., 2019; Simmons et al., 2014) hint at the presence of differential effects but are limited because 

they do not provide the specific range of children for whom the intervention was effective, or the 

size of the effect for each ability level. Other studies have shown different effects along the 
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outcome distributions but did not relate them to specific pre-intervention characteristics (e.g., 

Connor et al., 2007; Solari et al., 2018; Wanzek et al., 2016). While the outcomes from the 

analyses in these studies establish the presence of differential intervention effects due to certain 

student characteristics, they do not provide information on the specific range of students’ skills 

that could yield more or less intervention effects, which is critical for understanding for whom 

certain interventions are likely beneficial.  

The purpose of this study is to investigate if the effect of the ISI intervention is different 

for students with different post intervention skills, depending on their previous word reading and 

vocabulary skills. This approach expands on previous research by combining the quantile 

regression approach with a moderator analysis. Systematically examining the variation in student 

outcomes in ISI, specifically determining for which students the intervention was more, or less, 

effective and relating this to their pre-intervention characteristics, can inform our field regarding 

the effect of differentiated instruction and provide insight in which students likely will still need 

extra support to succeed in reading. 

In this study, we will combine data from six different research projects on the ISI 

intervention. By using a combined data set, we are able to estimate effects across a larger sample 

of students, increasing the power of our final models to detect effects across the complete range 

of the distribution of the outcome scores.  

In this study, we will examine the following research questions: 

1. Do students who receive the ISI intervention outperform the comparison group on their 

(a) word reading skills and (b) vocabulary skills depending on varying points of the 

outcome distribution? 

Following earlier results (Al Otaiba et al., 2016; Connor, Morrison, Schatschneider, et al., 
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2011), we hypothesize the ISI intervention to be more effective for students in the lower 

quantiles in word reading and vocabulary. 

2. To what extent do changes in (a) word reading skills and (b) vocabulary skills at varying 

points of the outcome distribution differ for students in treatment groups receiving the ISI 

intervention 

i. based on pre-intervention word reading skills 

ii. based on pre-intervention vocabulary skills 

We hypothesize pre-intervention word reading skills will act as a moderator for outcomes 

on word reading and pre-intervention vocabulary skills moderate vocabulary outcomes. We 

expect the moderations to show lower effects on word reading outcomes for students with higher 

beginning word reading skills, and higher effects on vocabulary outcomes for students with 

higher beginning vocabulary outcomes. We hypothesize this moderation to be less strong at the 

higher quantiles. Given the nature of ISI, with recommended amounts of word reading and 

vocabulary instruction based on student skills, we hypothesize vocabulary outcomes at the lower 

quantiles are moderated by pre-intervention word reading skills, with lower word reading skills 

leading to less intervention effect. Similarly, lower initial vocabulary skills may moderate word 

reading outcomes at the lower quantiles. However, the effects will be much smaller in the ISI 

condition in comparison to the control condition. 

Method 

Sample 

Data for this study comes from Project Kids (Daucourt et al., 2018). In this project, item 

level achievement and behavior data from eight independent data sets were pooled together with 

the intention of analyzing the data in innovative ways. Each of the original studies evaluated the 
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same comprehensive approach to early reading in the early elementary grades (K-3) in the same 

south-eastern state and spanned a complete academic year between 2005-2013. For this study, 

we will use data from six projects conducted in Kindergarten and Grade 1, including data on 

3,197 participants clustered in 191 teachers. We provide short descriptions of each of the 

included datasets below. Because some of the studies were conducted in the same schools, care 

was taken to ensure that students who participated in more than one project, or in longitudinal 

studies, were represented only once in this analysis; hence the sample size of the original studies 

may differ from the sample sizes reported here. For a complete overview of Project KIDS data, 

sample, measures, interventions, and procedures see van Dijk et al. (2022). 

Project 1 

Data set 1 came from an iteration of the ISI applied with Kindergarten students and their 

teachers (Al Otaiba et al., 2011). The sample consists of 641 students in 44 classrooms; 362 

students were in the treatment condition and received the ISI intervention and the 279 students in 

the control condition received typical classroom instruction (BAU).  

Project 2 

Data set 2 also came from a Kindergarten iteration of ISI (Al Otaiba et al., 2016). This 

sample consists of 514 students in 34 classrooms, 261 in the treatment condition (ISI) and 253 in 

the control condition (BAU). 

Project 3 

Data set 3 was taken from a study in which two types of response to intervention (RTI) 

models were compared (Al Otaiba et al., 2014). In the traditional model, students completed a 

cycle of classroom instruction only before being assessed and receiving supplemental 

intervention. In the dynamic model, students were immediately placed into intervention, if 



DIFFERENTIAL INTERVENTION EFFECTS  17 

pretest scores indicated at-risk status. In this study, 331 students in 34 first grade classrooms 

participated. All students received ISI instruction in Tier 1 and are considered as part of the 

treatment condition in this study.  

Project 4 

Data set 4 came from an iteration of the ISI in first grade. Details about this study are 

described in Connor et al.  (2007). The project consisted of 804 first grade students from 53 

classrooms; 410 were in the treatment condition (ISI) and 394 in the control condition (BAU). 

Project 5 

Data set 5 also included data from an ISI iteration conducted in first grade (see Connor, 

Morrison, Schatschneider, et al., 2011), and included 395 first graders from 26 teachers; 245 

students were in the treatment condition (ISI) and 150 in the control condition (BAU).  

Project 6 

Data set 6 included data from a three-year longitudinal study of the ISI intervention. 

Students in this sample were followed in first through third grade, and each year received either 

the ISI intervention or a math intervention (see Connor et al., 2013 for details). For the current 

study, we only used data from first grade. This included data on 512 first grade students, 279 of 

which were in the treatment condition (ISI) and 232 were in the control condition where they 

received the math intervention.  

Student characteristics 

Of the 3,197 students, 1,888 received ISI intervention. Table 1 shows the breakdown per 

project, and by Gender, Ethnicity, Race, LEP status, FRL eligibility, and ESE services. 

Intervention and control groups are similar in make-up, with exception of gender (𝜒2 = 4.19, df = 

1, p = 0.04*) and race (𝜒2 = 18.20, df = 7, p = 0.01*). In the final manuscript, we will also 
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include descriptive statistics (i.e., mean, standard deviation, and range) of pre-, and 

postintervention scores on the main variables of interest and show group differences using a two 

tailed t-test. Should groups be different, we will report Cohen’s d as an indication of the size of 

the difference. 

Procedures 

Each original study obtained IRB approval before project initiation. Project Kids obtained 

a separate IRB to procure, combine, and reuse the data of each of the original studies. During this 

component, data from the original studies were re-entered and checked. Students who had 

participated in more than one of the studies, were kept in the study in which they received 

intervention and removed from the other studies. In the current study, we will use moderated 

non-linear factor analysis (MNLFA), an integrative data analysis (IDA) technique, to generate 

scaled scores across the subset of projects and explore moderation on this combined data set.  

Measures 

Each of the original RCTs used a large battery of cognitive ability and achievement 

measures to assess participants. These measures were administered by trained project personnel 

three times a year during the fall, winter, and spring. For this study, we will use scores on two 

subtests of the Woodcock Johnson- III (WJ-III; Woodcock et al., 2007, 2009) tests of 

achievement: Letter word identification (LWID) and Picture Vocabulary (PV) as representation 

of each of the components of the SVR (word recognition and language comprehension). Both 

subtests were administered in each of the original studies. We will use students’ fall scores as 

pre-intervention predictors and students’ spring scores as outcome variables. 

WJ-III LWID 

The LWID subtest of the WJ-III (Woodcock et al., 2007, 2007) is a norm-referenced 
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standardized measure of word recognition. The test consists of 78 items, starting with letters and 

moving to increasingly more complex words, read in isolation. This subtest assesses students’ 

ability to recognize words. The test is untimed. Test-retest reliability estimates of the norming 

sample range between .90 - .96 and split half reliability estimates range between .88 - .99 

(McGrew et al., 2007). For the final report, we will include the internal consistency coefficient of 

our sample per project.  

WJ-III PV 

The PV subtest of the WJ-III (Woodcock et al., 2007, 2007) consists of 44 pictured 

objects and measures expressive vocabulary. During the initial items, students point to a picture 

corresponding to a vocabulary item and later move to naming the depicted objects. Test-retest 

reliability of the norming sample range between 0.70 – 0.81 and split half reliability ranges from 

.70 - .93 (McGrew et al., 2007). For the final report, we will include the internal consistency 

coefficient of our sample per project. 

Data Preparation  

Data for the current project are a subset of a single, publicly available dataset (Hart et al., 

2021). To ensure scores on the reading measures are unbiased and represent the same scale, we 

will perform several steps detailed below.  

Exclusion of participants 

Students with missing variables on both the pre- and post-intervention scores will be 

excluded from the analysis. Assuming the 4% of participants with missing pre-intervention 

scores on word reading also have missing post-intervention scores, this leaves a minimum 

sample size of 3,069 to be used for analysis for word reading. Three percent of participants have 

missing pre-intervention scores on vocabulary, under the same assumption, the minimum sample 
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size for analyses of vocabulary would be 3,101. 

Missing data  

Table 2 shows the distribution of missing data on the key variables of interest. The 

minimum expected sample sizes for each research question range from 2,578 to 2,717 

participants (see Table 3 for minimum expected sample sizes per RQ). Since all assumptions on 

the patterns of missing data are untestable (Rhoads, 2012) and we have no reason to believe an 

unobserved variable is the cause of missingness, we are assuming data is missing at random 

(MAR). There are two ways to deal with MAR, multiple imputation (MI) (Rubin, 2004) and full 

information maximum likelihood estimation (see Rhoads, 2012). The lqmm package uses a ML 

estimator (i.e., asymmetric Laplace likelihood) with casewide deletion and is therefore not an 

appropriate way to handle our missing data. Instead, we will conduct a MI strategy (see 

Appendix for details). 

Data Integration 

To ensure data represent values on the same scale, we will use Moderated Non-Linear 

Factor Analysis (MNLFA; Curran et al., 2014), an IDA technique. 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 variability that 

arises from differences in sampling techniques, timeframe in which a study was conducted, 

overall study design, and measurement (Curran & Hussong, 2009). Additional advantages of 
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IDA are 1) increased statistical power associated with the larger sample, 2) greater heterogeneity 

of the sample increasing generalizability to the population, 3) higher occurrence of low-base rate 

behaviors allowing for sub-group analysis in the pooled sample, and 4) stronger psychometric 

properties of measurement of a construct through pooling items (Curran & Hussong, 2009).  

Specifically, MNLFA builds on the confirmatory factor analysis framework of creating a 

score on a latent factor that is representative of the construct of interest. To estimate scaled 

scores across the independent data samples, MNLFA tests for measurement invariance across 

potential influential covariates at both the factor and item level (Curran et al., 2014), using raw, 

individual level data. To create the scaled scores, we will perform the steps outlined by Curran et 

al.  (2014) and Gottfredson et al. (2019) using the amnlfa package in R and Mplus.  

To select items for both word reading and vocabulary that are representative items for each 

construct, we will retain items on each of the measures that have at least 5% coverage across the 

sample. For word reading, these are items 1-57 of the WJ-III LWID subtest, and for vocabulary 

these are items 1-39 of the WJ-III PV subtest. The second step involves identifying potential 

influential sources of variation between data samples. For this model, we will use project, 

gender, and age as potential sources of variation. 

In the third step, we will use confirmatory factor analyses (CFA) to formally test if the 

retained items are representative of one factor. We will evaluate the CFA models by looking at 

Steiger-Lind Root Mean Square Error of Approximation (RMSEA) value, Bentler Comparative 

Fit Index (CFI) value, and the Standardized Root Mean Square Residual value (SRMR). An 

acceptable model will have an RMSEA value of <= .05, CFI > .95, and SRMR <= 0.10. Due to 

our sample size, we will disregard the model chi-square with its degree of freedom and p- value.  

If unidimensionality is not supported, we will cull items starting with those with the lowest factor 
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loadings. 

Then, we will evaluate factor and items differences as a function of covariates using 

MNLFA. We will use a calibration sample consisting of one, randomly drawn, observation per 

participant (from either pre or postintervention scores). We will regress factor means and 

variances on project, gender, and age; all effects will be evaluated using alpha = 0.10 

(Gottfredson et al., 2019). We will also test for effects on factor loadings; these effects will be 

evaluated using alpha = 0.05. Finally, a complete model with all significant effects will be 

evaluated. In case of non-convergence, variance effects will be culled first. Using the parameter 

estimates from step 4, we will then generate factor scores for each of the participants; these 

scores represent the scaled scores that can be compared across projects. 

Statistical outliers 

The data sets have been cleaned thoroughly through Project Kids and it is highly unlikely 

that they contain invalid values on any of the variables of interest. Additionally, because QR 

does not make assumptions about the distribution of data and estimation is not influenced by 

outliers (Waldmann, 2018), all data will be included in the analyses as is.  

Analytic Strategy 

Previous research has suggested there are individual differences in response to reading 

intervention depending on the students’ posttest outcomes (e.g., Solari et al., 2018; Wanzek et 

al., 2016). We will use a conditional linear quantile mixed model regression approach (lqmm; 

Geraci & Bottai, 2014) to test if this hypothesis is supported by our data. LQMM estimates both 

fixed and random effects at each specified quantile along the posttest distribution, in contrast 

with traditional linear mixed models that estimate parameters conditional on the mean of the 

posttest distribution (Koenker & Bassett Jr, 1978). LQMM are an appropriate approach for 
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studies in which a different relation between the dependent and independent variable is expected 

at different points along the outcome distribution. Using traditional linear mixed models, datasets 

would need to be split according to the quantiles of interest and separate models run for each 

subset of data. This is problematic because samples will have a limited range through truncation 

and likely violate assumptions of distributions that are essential for linear mixed models. 

Additionally, subsetting the original data set leads to a loss of power, because each subset 

contains a fraction of the original sample size (Petscher & Logan, 2014). These problems can be 

avoided with lqmm, because it uses all available data to estimate parameters at each quantile and 

does not make assumptions about the shape of the distribution.  

The choice for conditional instead of unconditional quantile regression is intentional. 

Unconditional quantile regression estimates parameters that are not conditioned on values of 

other variables in the models and therefore yield results that are generalizable across all quantiles 

(Firpo et al., 2009; Killewald & Bearak, 2014; Koenker, 2017). However, to be able to prevent 

the differences in research design of the original studies to mask any outcomes, we will estimate 

conditional quantile regression. More specifically, our conditional quantile regression model will 

provide estimates averaged across the projects and treatment status (i.e., within project effects), 

with estimates of the variability between projects and treatments status (i.e., between project 

effects). The results from our conditional quantile regression models can be interpreted as the 

effect of the ISI intervention (treatment) within each project. The alternative unconditional 

quantile regression would be interpreted as the effect of treatment across all quantiles. In our 

case, this interpretation is less desirable for several reasons. First, the RCTs were conducted in 

different classrooms. Even though we are using unbiased scaled factor scores based on MNLFA, 

the same factor score in first grade has a different skill connotation than in third grade. Second, 
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the original RCTs included different counterfactuals (e.g., business as usual control and alternate 

treatment control), and averaging across these control conditions would mask differences in 

effects of the treatment across conditions. Using conditional quantile regressions will place 

students along the outcome variable distribution relative to the students in their project (i.e., in 

the same grade compared to the same counterfactual).  

Model specification 

All models will be estimated using the lqmm package (Geraci & Bottai, 2014) in the R 

environment version 4.0.2 (R Core Team, 2020). For RQ1, we will regress posttest word reading 

and vocabulary on treatment in separate models, with the addition of both pre intervention scores 

of word reading and vocabulary as predictors and accounting for classroom clustering, allowing 

for random intercepts. We will adjust the standard errors using the procedures explained by 

Hedges (2005) and adopted in the WWC Procedures and Standards Handbook (v 3.0 p. 25) to 

account for clustering at the school level (the lqmm package currently only allows for one level 

of clustering). We will estimate parameters at each .10 quantile, resulting in estimates at 9 

quantiles. Given our large sample size and the limited number of parameters to estimate, this 

number of quantiles is considered appropriate to present a highly specific set of the slope 

parameters (Petscher & Logan, 2014). We will add project as a fixed effect covariate to account 

for differences in grade level and counterfactual conditions. For RQ2, we will use the same 

general strategy, with the addition the interaction of word reading skills and vocabulary with 

treatment. The equation is represented as follows: 

𝑌𝑖𝑗𝑡
=  𝛾00𝑡

+  𝛾10𝑡[𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡] +  𝛾20𝑡[𝑃𝑟𝑜𝑗𝑒𝑐𝑡] + 𝑦30𝑡[𝑊𝑜𝑟𝑑𝑅𝑒𝑎𝑑𝑖𝑛𝑔𝑖𝑗]  + 𝑦40𝑡[𝑉𝑜𝑐𝑎𝑏𝑖𝑗]  +

 𝛾50𝑡[𝑇𝑟𝑒𝑎𝑡∗𝑉𝑜𝑐𝑎𝑏𝑖𝑗] +  𝛾60𝑡[𝑇𝑟𝑒𝑎𝑡∗𝑊𝑜𝑟𝑑𝑅𝑒𝑎𝑑𝑖𝑛𝑔𝑖𝑗]  + 𝜀𝑖𝑗𝑡
 +  𝑟0𝑗𝑡

 , 

Where 𝑌𝑖𝑗𝑡
 is the posttest score for student i in classroom j; 𝛾00𝑡

 is the conditional mean posttest 
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score for the control group; 𝛾10𝑡[𝑇𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡] the effect of the intervention; 𝛾20𝑡[𝑃𝑟𝑜𝑗𝑒𝑐𝑡] the fixed 

effect of each project; 𝑦30𝑡
 and 𝑦40𝑡

 the effects of preintervention skill level; 𝑦50𝑡
 and 𝑦60𝑡

 the 

interaction of treatment with preintervention skill level. 𝜀𝑖𝑗𝑡
 and 𝑟0𝑗𝑡

 are the individual and 

classroom level residuals. Each of the parameters are estimated at the tth percentile. 

Example code for RQ2 is: 

lqmm(fixed = Vocabulary (posttest) ~ treatment + project + WR(pre) + Vocab(pre) 

+ treatment*WR(pre) + treatment*Vocab(pre), random =  ~1, group = teacher, tau 

= c(1:9/10). 

In case of non-convergence of our model, we will first apply optimization methods to the 

estimation of the model. First, we will increase the maximum number of iterations, and then, if 

needed, decrease the tolerance level, and finally change optimization to the Nelder-Mead 

derivative free optimization. If models still fail to converge, we will estimate models without 

interaction first, and use those estimates as starting values for the full models. 

Effect size estimation 

We will use the parameter coefficients and their 95% confidence intervals to make 

inferences about the effect at each quantile. All p-values and confidence intervals will be based 

on two tailed tests. We will use graphs to visually inspect data as well as find the quantiles where 

an effect was present (i.e., the confidence intervals do not bound 0). We will then calculate 

Hedges’ g to specify the size of the effect for those quantiles only following the procedures laid 

out in Wanzek et al. (2016). At each of the statistically significant quantiles, we will calculate 

Hedges’ g =  √
F(n1+n2)(1−r2)

n1n2
  with r the correlation between pretest and posttest at that quantile, 

n the sample size of intervention (1) and control (2) groups, and F the squared t-test of 

coefficients at that quantile. Since quantile regression involves running multiple analyses on the 
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same sample within each model (the number depending on the width of the quantiles), we will 

use Benjamini and Hochbergs’ Linear Step-up method (Benjamini & Hochberg, 1995) to control 

for the false discovery rate within each model. 

Power 

For RQ1, the main effect of treatment, we used the PowerUpr (Dong et al., 2016) tool to 

calculate the minimum detectable effect size (MDES) given a Type 1 error rate of 0.05, and 

power at 0.8. We assumed a 2-tailed test with 55% of units randomly assigned to the treatment at 

the student level. The MDES for a full sample mixed effect model with 3,069 units (i.e., the 

minimum sample size expected) in 191 clusters for the main treatment effect is 0.09 (95% CI 

[0.03, 0.16]). For RQ2, the interaction between treatment and pre-treatment, we calculated the 

MDES for a 2-level CRT with a continuous, level 1 moderator. Assuming Type 1 error rate of 

0.05, power at 0.8, and a two-tailed test, the MDES for the treatment by previous performance 

interaction is 0.12 (95% CI [0.04, 0.21]). Other assumptions to calculate the MDES-difference 

were, an ICC of 0.1, proportion of variance in outcome explained by predictors 30%, omega2 of 

0.5 and 55% of units randomly assigned to treatment. Both power analyses show this study has 

ample power to detect small effects, both for main effects and interactions. 

Open Science Practices 

The dataset for this study is publicly available on LDbase (Hart et al., 2020), as a 

delimited file (Hart et al., 2021). At the completion of the project, we will post the R scripts and 

outputs to a project page on LDbase. Of the available data, we will only use item level data from 

the LWID and PV subtests of the WJ-III used across the six projects, and student demographic 

data, along with classroom nesting information and treatment status.  
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Table 1 

Participant Characteristics 

Variable Total # Treatment  Control Group differences 

Total 3,197 1,760 1,436  

Project 1 641 362 279  

Project 2 514 261 253  

Project 3 331 331 0  

Project 4 804 410 394  

Project 5 395 245 150  

Project 6 512 279 232  

Gender   𝜒2 = 4.19, df = 1, p = 0.04* 

 Male 1,491 845 645  

 Female 1,616 976 640  

 Missing 90 67 23  

Ethnicity   𝜒2 = 0.30, df = 1, p = 0.58 

 Hispanic 142 87 55  

 Non-Hispanic 2,763 1,618 1,144  

 Missing  292 173 119  

Race   𝜒2 = 18.20, df = 7, p = 0.01* 

 American Indian/Alaskan 7 3 4  

 Asian 69 44 25  

 Black 1,300 804 496  

 Hawaiian/Pacific islander 25 11 14  



DIFFERENTIAL INTERVENTION EFFECTS  39 

Variable Total # Treatment  Control Group differences 

 White 1,369 772 596  

 Multi-racial 91 57 34  

 Other 51 18 26  

 Missing 285 173 112  

LEP status   𝜒2 = 0.58, df = 1, p = 0.45 

 Not LEP 2,571 1,534 1,037  

 LEP 50 33 17  

 Missing 576 321 254  

Eligibility for FRL   𝜒2 = 0.84, df = 3, p = 0.83 

  No 1,165 688 477  

 Yes 1,199 698 501  

 Missing 833 502 330  

ESE services   𝜒2 < 0.001, df = 1, p = 1.00 

 No 249 149 100  

 Yes 12 7 5  

 Missing 2,935 1,732 1,203  

  



DIFFERENTIAL INTERVENTION EFFECTS  40 

Table 2 

Missing Data for Key Variables 

Variable #  missing (%) 

Treatment indicator 1 (< 1) 

Word reading pre 120 (4) 

Word reading post 507 (16) 

Vocabulary pre 105 (3) 

Vocabulary post 469 (15) 
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Table 3 

Minimum Expected Sample Sizes 

RQ %missing 

outcome  

%missing 

predictor 

Minimum 

expected N from 

3,197 total 

1a/b 15/16 - 2,717/2,685 

2ai/bi 15/16 4 2,609/2,578 

2aii/bii 15/16 3 2,636/2,605 
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Figure 1 

Possible scenarios of intervention effects. 

 

 

Note. Three possible scenarios of intervention effects. In each scenario the x-axis 

represents scores on a hypothetical reading assessment. The y-axis represents the density of the 

distribution. The dashed line represents the distribution of skills of students in a control group; 

the solid line represents the distribution of scores of students in an intervention group. In each 

scenario, the mean of both distributions are represented by grey dashed (for control) and solid 

(for intervention) lines. A. In this scenario the difference in scores between control and 

intervention groups are equal across the distribution, namely students in the intervention groups 

scored 10 points higher than those in the control group. B. In this scenario, the intervention leads 

to more gains for students with lower scores (i.e., 15 points) than students with higher scores 

(i.e., 5 points). The difference at the mean is still 10 points. C. In this scenario the intervention 

only leads to increased scores for students at the average range (i.e., 10 points); whereas the 

difference for students either with lower or higher scores is almost 0. 
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Appendix 

Specifics on Multiple Imputation Techniques 

Using multiple imputation will enable us to avoid the casewise deletion imposed by the 

lqmm package (Geraci & Bottai, 2014) that we will use to estimate the models and use the 

complete data set. As stated above, students with missing variables on both the pre- and 

postintervention scores will be excluded from the sample before the MI procedures, since they 

will not have the scores required to impute scores. MI will take all available data into account 

(i.e., scores on other pre-and postintervention variables not of interest in the main analyses), as 

well as the nested structure of the data). We will generate 25 imputations based on 25 iterations 

using the mice package (Buuren & Groothuis-Oudshoorn, 2011) to ensure random convergence 

of the MCMC. To evaluate the imputed scores, we will visually inspect stripplots for overlapping 

distributions of the original and imputed data sets. We will then replace the missing values in the 

original data set with the mean value of the 25 imputed data sets. We will provide pre-imputation 

descriptives of the variables of interest and compare them to post-imputation descriptives to 

show comparability of the two datasets.  
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