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ABSTRACT 

 The data from universal screeners must be valid and reliable in order to use it to 

make appropriate decisions about how best to allocate resources to support students who 

are at risk of not passing the state achievement test. The instruments used as part of 

universal screening must also have diagnostic accuracy. This study examined the 

diagnostic accuracy of three computer-adaptive universal screening measures of reading 

for predicting student performance on the state achievement test. Using extant data, 

spring universal screener scores from second graders in public schools in a southeastern 

state were used to predict their performance on the state achievement test administered in 

the spring of their third grade year. Logistic regression and receiver operating 

characteristic curves were used to examine the diagnostic accuracy of Istation Indicators 

of Progress Early Reading, MAP-Reading, and Star Reading. Results show that all three 

computer-adaptive universal screeners were strong predictors of the ACT Aspire, an 

assessment used as the statewide achievement test. However, the Istation and MAP 

universal screeners were reliably more accurate than the Star Reading assessment based 

on area under the curve comparisons. In analyses of based on cut scores associated with 

various means of standard setting, none of the screeners met the recommended levels of 

.90 sensitivity and .70 for specificity. Implications for use of the computer-adaptive 

screeners in schools as part of a universal screening process are discussed. 

Keywords: computer-adaptive test, universal screening, achievement measures, 

diagnostic accuracy 
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CHAPTER I: INTRODUCTION 

Learning to read proficiently in the early years of formal schooling is a 

foundational skill for future academic achievement and is essential for successful life 

outcomes. Early reading development is a strong predictor of later reading development 

and academic success (Jeon et al., 2018; Juel, 1988). Therefore, early identification of 

students at risk for academic difficulty is essential in supporting future academic 

achievement and preventing adverse life outcomes associated with academic failure, 

particularly reading failure. 

 The challenges associated with poor reading skills are well-documented (Lyon, 

1998; Snow et al., 1998). Students with low reading skills are four times more likely to 

drop out of high school (Anne E. Casey Foundation, 2010). The job and earning 

prospects for high school dropouts are limited. In a recent study, researchers found that 

adults with a minimum proficiency level of literacy (Level 3) had a significantly higher 

average annual income of $63,000 compared to adults just below proficiency (Level 2) 

with an average annual income of $48,000. Adults with the lowest level of literacy (Level 

1) earned just $34,000 annually (Nietzel, 2020). High school dropouts are also more 

likely to become incarcerated (Smart et al., 2017). Morken and colleagues (2021) 

reviewed 20 years of research on the prevalence of reading disabilities in prison 

populations and found that prevalence rates are much higher than in the general 

population, with up to 50% of the prison population having reading disorders. Knowing 

the harsh reality of outcomes for individuals with poor reading skills, educators must 

have the necessary tools to identify students at risk as early as possible so resources can 

be allocated to intervene and prevent such dire outcomes (Lyon et al., 2005). 
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Assessment in Schools 

 One indicator of academic proficiency or lack thereof is performance on state 

achievement measures. Standardized assessments, which are uniform assessments given 

to an entire population of students, are one type of common assessment that has been 

around for more than a century (Hutt & Schneider, 2018). Statewide assessments are 

considered a primary predictor of future achievement and an indicator of education 

effectiveness (Van Norman et al., 2017). First appearing in 1845, standardized testing 

slowly replaced oral recitation and public exhibition practices to measure how well 

students were learning and how effective the local schoolmaster was (Reese, 2013). 

Applying statistics to education introduced a new way to perceive education. At that 

time, assessment was considered to be in the domain of psychometricians, who were 

considered experts in quantifying academic learning despite their lack of understanding 

of schooling. In fact, after World War I, large districts began creating departments 

dedicated to research and measurement staffed with these experts whose job was to track 

students efficiently and systematically (Hutt & Schneider, 2018). Despite the control 

shifting from teachers to the commercial enterprise of testing, the data collected by these 

departments did allow school leaders to make more informed decisions and draft policies 

based on data (Hutt & Schneider, 2018). It also provided a means to track student growth 

yearly and compare students’ scores (Hutt & Schneider, 2018). These logical reasons for 

using assessments became embedded in education. For a society that valued science and 

the scientific approach to the world, education during the early 20th century provided a 

new field to apply science. By 1920, standardized assessments had become an accepted 

educational practice. 
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 In 1965, the passage of the Elementary and Secondary Education Act (ESEA) 

created the first federal provision for testing, which led to the requirement of state testing 

for some students. As part of President Lyndon B. Johnson’s “War on Poverty” 

campaign, the ESEA created Title I, a program designed to provide additional funding to 

districts and schools that served a high population of students from low-income families 

(Paul, 2016). The additional funding came with higher accountability standards which 

required assessing whether or not students’ skill gaps were closing. Although only certain 

students fell into the required testing category, many schools opted to test all students for 

expediency (Hutt & Schneider, 2018).  

 In 2001, the No Child Left Behind (NCLB) legislation was passed, which 

increased the accountability of schools and districts. This law mandated measures of 

adequate yearly progress as measured by statewide standardized tests and created what 

some consider the most expansive testing requirements in history (Hutt & Schneider, 

2018; Shapiro et al., 2006). It also tied educational funding to testing outcomes which 

many argue led to a narrowed curriculum focused primarily on passing the state tests 

(Hutt & Schneider, 2018). In 2015, NCLB was replaced with the Every Student Succeeds 

Act (ESSA). This new legislation addressed how much testing is necessary, not if 

students should be tested (Hutt & Schneider, 2018). It still required statewide 

standardized testing and reporting those results to educational stakeholders.  

 In addition to federal accountability legislation, several contextual factors have 

also contributed to the continuation of testing in our educational system. First, the 

decentralized nature of our educational system means that individual states have the 

responsibility of drafting educational standards and choosing instructional materials for 
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public schooling in the state. Therefore, many argue that the eclecticism of the 

educational system requires common measures to ensure a quality educational program 

from one state to the next (Hutt & Schneider, 2018). Common measures also allow 

colleges to compare students from various school settings when making admission 

decisions.  

 Another factor that may have led to the widespread reliance on testing is the belief 

that schools should find and reward talent. This belief, known as a meritocracy, dates 

back to before the founding of the United States of America (Plato, 1968). Testing 

became the means through which talent and aptitude could be identified. Along with this 

belief was the idea that testing would motivate students to do well in school so that their 

talents could be recognized and rewarded. This concept of meritocracy is closely linked 

to the belief that success in school leads to success in life.  

 A third contextual factor leading to the continued focus on testing in schools is the 

funding structure for public education. Schools are often funded through tax-supported 

systems (Hutt & Schneider, 2018). Testing is one means by which schools and districts 

are held accountable for the proper use of those funds. External stakeholders such as 

taxpayers want to know that their taxes are being used properly and that they are getting a 

return on their investment. Assessments provided a measure of how effectively those 

dollars are being used. 

 These contextual factors and the federal accountability legislation have 

perpetuated the reliance on and persistence of state testing programs in American 

education. Despite an initial focus on accountability at the district and school levels, 

testing programs have increasingly pushed the focus to the individual student and how to 
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raise individual student’s scores (Silberglitt & Hintze, 2005). This focus on individual 

students has also led to higher stakes in testing performance (Sutter et al., 2020). 

 Although statewide standardized tests are required annually under federal 

legislation, the design and format of the measures have been left to the individual states. 

State departments of education can use a commercial test created by a testing 

development company or a test developed by the state (Hutt & Schneider, 2018). While 

commercially developed tests are considered more psychometrically sound, state-

developed tests are highly correlated with state standards since these measures are often 

written for a single state (Shin & McMaster, 2019). 

 The persistence of testing in American education programs has come with 

critiques. Some critics have argued that testing distorts the education process by 

narrowing the curriculum to focus primarily on what is being tested (Hutt & Schneider, 

2018). Others believe that the time and money spent on testing programs is wasted since 

it often just confirms what is already known about the state of the current system. Still, 

others believe that testing is used to erroneously classify and compare schools, teachers, 

and students when the conditions and settings are not equal. Yet, these critiques have led 

to more testing, not less (Hutt & Schneider, 2018). 

 Nevertheless, when used with intended targets and appropriateness, standardized 

testing measures can provide important educational information. End of year assessments 

may be the most reliable information about a student’s progress. It is reasonable to expect 

that students demonstrate proficiency with reading and understanding grade level texts at 

the end of Grade 3 because they have had three years of formal schooling before entering 

the tested grade (Schatschneider et al., 2008). Achievement tests can also support 
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identifying specific areas of academic weakness (Francis et al., 2005). However, waiting 

until the end of Grade 3 to determine if students are on track for success is too late 

(Silberglitt & Hintze, 2005).  

Universal Screening Assessments 

Screening is one tool available to educators for early identification of students 

who are at risk for not passing the state test. The concept of academic screening for 

reading risk is based on medical screenings, a key strategy in preventive medicine 

(Armstrong & Eborall, 2012). In medicine, screening is offered to all people within an 

age or sex group to identify people likely to have or develop a particular disease or 

condition (Armstrong & Eborall, 2012). The screening results are then connected to 

additional diagnostics to determine if there is a need for a treatment plan to be developed. 

In addition, screening can identify the risk of a future health issue allowing for preventive 

measures to be identified and implemented to decrease the likelihood that a person will 

develop the disease. In education, screening is a proactive means of identifying students 

at risk for reading difficulty and providing them with appropriate preventive instruction 

and intervention (Fuchs & Fuchs, 2009). 

 Identifying students at risk for reading difficulties in the early grades is critical for 

supporting future academic achievement. Traditionally, students had to show significant 

difficulty before assessments were completed (Vaughn & Fuchs, 2006). The 

reauthorization of the Individuals with Disabilities Education Act (2004) sought to 

address this “wait to fail” model by including a provision for a process that consisted of 

early screening and multiple tiers of increasingly intensive interventions (Fuchs & Fuchs, 

2009). This process, known as response to intervention (RTI), shifted the focus from 
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“wait to fail” to early identification and intervention designed to prevent reading 

difficulties (Al Otaiba et al., 2019).  

 Early identification and intervention are motivated by the established consensus 

that the earlier the intervention, the better the outcomes for students (Fletcher et al., 

2019). Identifying students at risk is a critical first step in supporting later academic 

achievement (Fletcher et al., 2021; Vaughn & Fuchs, 2006). Identifying risk for reading 

difficulties can occur as early as kindergarten and first grade before reading difficulty 

begins (Catts et al., 2015). In fact, assessments of children’s development at the age of 

five have predicted academic skills at age ten (Jeon et al., 2018). Without early 

identification and intervention, students will continue to fall further behind their peers 

throughout their schooling and increase their likelihood of dropping out of school (Sutter 

et al., 2020). Identifying students at risk for future academic difficulties and determining 

how to accelerate their growth is a complex issue that requires a consistent and accurate 

process for identification (Al Otaiba & Petscher, 2020; Hosp et al., 2011). 

 Currently, a majority of states have a multi-tiered approach to instruction and 

intervention (Bailey, 2019). The most common frameworks for this approach are 

Response to Intervention (RTI) and Multi-Tiered System of Supports (MTSS) (Leonard 

et al., 2019). Although both frameworks incorporate increasingly intensive tiers of 

instruction and intervention for students identified as at-risk or struggling, there are 

nuanced differences between the two frameworks (Bailey, 2019, Oslund et al., 2021). For 

this study, we will use RTI to refer to a multi-tiered approach to instruction and 

intervention for consistency. 
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Despite the widespread use of a multi-tiered approach to instruction and 

intervention, many schools have failed to implement it with the fidelity necessary to 

ensure efficacy (Al Otaiba et al., 2019; Fuchs & Fuchs, 2017). Teachers reported having 

a broad understanding of RTI and its assessments but lack the knowledge on how to use 

the data to make informed decisions (Al Otaiba et al., 2019). They also reported 

misunderstanding the data-based approach of RTI, often thinking the process is only for 

determining special education eligibility or that it is just for struggling readers. However, 

the process is intended to provide differentiated instruction and experiences for all 

students (Whittaker & Batsche, 2019).  

 Assessment is an essential first step in any RTI framework. Assessment is the 

process of measuring the characteristics of objects or people to obtain data or information 

(Hosp & Ardoin, 2008). In RTI, the initial assessment given is a universal screener, an 

assessment given to all students in a grade, school, or district (Hosp & Ardoin, 2008). 

The data or information gained from the universal screener is then used to decide on 

appropriate intervention placements (Lam & McMaster, 2014). Identification must be 

carried out in a timely and accurate manner so that the interventions selected can be of 

the appropriate intensity and individualized for students who demonstrate risk (Catts et 

al., 2015; Compton et al., 2012). Therefore, the assessments must provide opportunities 

for the students to perform the skills on which decisions are based (Hosp & Ardoin, 

2008).  

 Universal screeners can be standards-based or skills-based, administered to a 

whole group or in one-on-one settings, and be print-based or computer-based. Ideally, 

screeners are inexpensive, brief, easy to administer and interpret, and linked to instruction 
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(Petscher et al., 2011). With the range of measures available as universal screeners, 

establishing the predictive validity and diagnostic accuracy of the measures is crucial 

(Ball & O’Connor, 2016). Predictive validity indicates how well student performance on 

one measure predicts performance on another measure (Hosp et al., 2011). Diagnostic 

accuracy indicates how accurately a measure categorizes student performance using 

dichotomous or continuous predictors and dichotomous outcomes (e.g., pass/fail) (Ball & 

O’Connor, 2016; Klingbeil et al., 2018). To be effective, universal screeners should be 

able to differentiate students who are at risk for reading difficulties from students who are 

not at risk while also limiting the number of false positives and false negatives. Due to 

the impact of testing on instructional time, universal screeners should have high levels of 

diagnostic accuracy, allowing them to predict if a student will pass or fail high-stakes 

measures, such as a state achievement test as a single measure. Valuable time and 

resources can be wasted if screeners do not meet this need (Klingbeil et al., 2015; Lam & 

McMaster, 2014).  

 Therefore, the process for selecting a universal screener should include 

consideration of the gold standard measure (e.g., state achievement test) the screener is 

predicting and the psychometric properties that maximize the diagnostic accuracy of the 

measure, both of which can have implications for the allocation of resources in a school 

(Kent et al., 2019; Petscher et al., 2011). The gold standard measure selected defines the 

risk being predicted (Petscher et al., 2019b). For most schools, the year-end state 

achievement test is a measure on which their performance is judged and, therefore, a 

measure of great importance in the elementary grades (Kent et al., 2019). Hence, having a 

universal screener that can accurately identify students at risk of not passing the year-end 
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state test has considerable practical value. This study compares the diagnostic accuracy of 

three computer-adaptive tests used as universal screeners to predict the risk of not passing 

a state achievement test.  
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CHAPTER II: REVIEW OF LITERATURE 

Assessment has long been a central practice in schooling. Both formative and 

summative measures of student learning have taken many forms and served various 

purposes throughout the history of education (Hutt & Schneider, 2018). At the same time, 

testing programs have also faced staunch criticism. Ironically, these critiques have been 

met with more testing, not less, and performance on some assessments has been tied to 

higher stakes such as promoting and retaining both students and teachers (Ball & 

O’Connor, 2016; Sutter et al., 2020). With so much scrutiny and consequences associated 

with state achievement testing, it is vital to ensure that students are on track for success 

well before their testing grades. 

Multi-Tiered Systems of Support and Response to Intervention 

 Early identification of students at risk for academic difficulties was a primary 

reason for including a response to intervention (RTI) framework in the reauthorization of 

the Individuals with Disabilities Education Act in 2004. Within an RTI framework, 

intervention is provided to accelerate the academic progress of students who are at risk 

academically (Compton et al., 2012). Since then, ESSA (2015) introduced a multi-tiered 

systems of supports (MTSS) which includes RTI for core academic subjects along with 

early identification of students who may require additional behavioral and social-

emotional learning supports (Al Otaiba et al., 2019; Whittaker & Batsche, 2019).  

 The use of an RTI model is motivated by educators’ desire to ensure that students 

are on-track or developing at an adequate rate toward the goal of standards proficiency 

and to pass state tests through early detection of difficulty and immediate intervention 

(Silberglitt & Hintze, 2005). This early detection and intervention can prevent reading 
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difficulties for many students (Al Otaiba et al., 2011; Fletcher et al., 2019). Effective RTI 

models also can differentiate between students who are low achieving due to underlying 

correlates such as cognitive or neurobiological factors (Fletcher et al., 2005). 

 Most RTI models consist of similar components. Accurate identification of 

students at risk for academic difficulty through a universal screener is the first step in the 

RTI process (Compton et al., 2012). The next step is to provide timely and appropriate 

interventions based on the data (Whittaker & Batsche, 2019). Then, student progress is 

monitored frequently, and the data is used to decide the appropriateness and intensity of 

the interventions (Compton et al., 2012). These steps take place within a multi-tiered 

framework alongside high-quality classroom instruction (Whittaker & Batsche, 2019). 

Each component is essential for an effective RTI model. 

 Universal screening, the first step in the RTI process, is a prerequisite for early 

identification and intervention (Glover & Albers, 2007). Universal screeners are 

measures given to all students to identify students at risk for academic or behavioral 

difficulties and whose progress needs to be monitored (Glover & Albers, 2007; Whittaker 

& Batsche, 2019). Effective universal screeners are brief, cost-effective, aligned with the 

constructs or areas of interest, and allow for multiple administrations across a school 

year, which increases the reliability of estimated change and growth over time (Fletcher 

et al., 2005; Klingbeil et al., 2015). Curriculum-based measures (CBM) are a popular 

type of universal screener that have been around for a while. These measures are 

standardized measures for assessing students’ skills in reading, math, spelling, and 

written expression (Shinn & McMaster, 2019). Measures like curriculum-based measures 
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allow educators to track student progress and determine if a student is on track for 

meeting grade level benchmarks (Silberglitt & Hintze, 2005). 

 The tiered intervention system in RTI is based on increasing the intensity of 

intervention as students demonstrate increasing need based on universal screening and 

progress monitoring data (Van Norman et al., 2017). The exact number of tiers in a 

particular RTI model may vary, but typically begin with core classroom instruction as 

Tier 1 for all students (Fuchs et al., 2010). Subsequent tiers provide more targeted 

interventions in smaller groups, with the final tier being special education (Fuchs et al., 

2010).  

 Once a student has been identified and placed into an appropriate intervention, 

then the student’s progress is regularly monitored. Progress monitoring is used for any 

student receiving an intervention to determine the appropriateness of the current 

placement and to make decisions about movement through the tiers (Lam & McMaster, 

2014). Students are progress monitored after the universal screening has been 

administered (Fletcher et al., 2005). Linking multiple assessments to the interventions 

supports the identification of student’s responsiveness or non-responsiveness to the 

attempts to intervene, thus allowing informed decisions regarding the next steps for 

students (Fletcher et al., 2005).  

Universal Screening 

 As the first step in the RTI process, universal screening is critical for making 

informed decisions regarding placement and intervention for students. Universal 

screening involves administering quick, valid measures of academic indicators to all 

students within a grade, class, school, or district (Hosp & Ardoin, 2008). The measures 
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are administered with standardized protocols to reduce the impact of test administration 

on student performance (Hosp & Ardoin, 2008). Since all students are screened, data can 

be used to place students in appropriate tiers in an RTI model (Whittaker & Batsche, 

2019). 

Purposes of Screening  

 Using universal screeners at regular intervals throughout a school year can 

provide valuable information for detecting, preventing, and intervening for reading or 

academic difficulties. A universal screening process requires multiple administrations 

throughout the year, typically in the fall, winter, and spring (Hosp & Ardoin, 2008). As 

Francis and colleagues (2005) note, no single assessment given at a single point in time is 

sufficient for making decisions that can have a long-term impact on students. Multiple 

measure administrations allow educators to review changes in growth and achievement 

over time, which increases the accuracy of decisions being made such as those informing 

the identification of reading disabilities (Al Otaiba et al., 2011; Francis et al., 2005; 

Odegard et al., 2020). Using a valid universal screener multiple times throughout the year 

provides a more thorough picture of students’ performance.  

 Universal screening is also a means of preventing reading and academic 

difficulties because of its proactive approach to assessing academic indicators of reading 

proficiency. Traditional means of identifying student risk have been criticized for their 

reactionary “wait to fail” approaches in which students were not assessed or provided 

interventions until after they were struggling (King et al., 2016). Universal screening 

offers the opportunity to identify students at risk for future reading or academic difficulty 
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and provide interventions immediately to set them on a typical reading development 

trajectory, thus preventing the future need for special education (Compton et al., 2012). 

 Universal screening results are often used to identify students’ instructional needs 

and place them in the appropriate tier or group to accelerate the performance of all 

students (Hosp et al., 2011; Whittaker & Batsche, 2019). For this reason, it is essential to 

have a universal screener that accurately measures progress toward academic standards 

and identifies students who are not on track to meet those standards so they can be 

matched to the appropriate intervention without the need to wait for them to fall behind 

(Al Otaiba et al., 2014; Fletcher et al., 2005). Universal screening data inform decisions 

regarding which interventions to use, the intensity of intervention necessary, and how to 

use staff to support the implementation of the interventions (Lam & McMaster, 2014). 

Students who demonstrate the need for the most intensive interventions can move directly 

to the highest tier of intervention specified in the RTI model (Compton et al., 2012). Most 

students needing intensive intervention will need it over a sustained period of time (Al 

Otaiba et al., 2014). It is important to note that universal screening data and RTI models 

are not just a means of determining eligibility for special education or only for students 

who struggle (Whittaker & Batsche, 2019). The data should be used to make decisions 

and differentiate instruction and intervention for all students (Fletcher et al., 2019). 

Types of Screening Measures 

 Universal screeners are designed to target either specific academic skills or 

established academic standards. Skill-based universal screeners such as Dynamic 

Indicators of Basic Early Literacy Skills (DIBELS; Good & Kaminski, 2020) are quick 

measures designed to minimize the impact on student instructional time (Ball & 
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O’Connor, 2016; Van Norman et al., 2017). Standards-based universal screeners typically 

take longer to administer but assess students’ achievement and growth towards grade-

level standards (Thomas & January 2021). Although skills-based screeners are more 

widely used, many states and districts allow standards-based screeners to be included as a 

first step in the RTI process (Whittaker & Batsche, 2019). 

 Curriculum-based Measures. Curriculum-based measures (CBM) are short, 

nationally normed general outcome measures typically administered in a one-on-one 

setting and designed to assess student performance and progress toward basic skills (Ball 

& O’Connor, 2016; Shapiro et al., 2006). General outcome measures are single, general 

tasks that provide an indication of change in a broader outcome such as reading 

proficiency (Deno, n.d.).  Curriculum-based measures, or probes, are administered using 

a standardized procedure at regular intervals throughout the school year (Kettler & 

Albers, 2013). There is much evidence to support decision making based on curriculum-

based measures (Kettler & Albers, 2013; Reschly et al., 2009). 

 In 2015, Catts and his colleagues studied the predictive validity of curriculum-

based measures in kindergarten to reading outcomes at the end of first grade. They found 

that all screening and progress monitoring measures were significantly correlated with 

first grade reading outcome measures. The Letter Name Fluency measure was the 

strongest predictor of reading outcomes (Catts et al., 2015). They also found that rapid 

automatic naming and nonword repetition provided unique variance to the outcome 

measure (Catts et al., 2015). 

 January & Klingbeil (2020) evaluated the validity and diagnostic accuracy of 

various reading curriculum-based measures in kindergarten to grade 2. They found that 
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reading curriculum-based measures have medium to large associations with other similar 

and more complex measures. For example, Letter Name Fluency and Letter Sound 

Fluency had large correlations of .52 to .64 with broad reading measures. The measures 

of phonological awareness, Onset Sound Fluency and Phoneme Segmentation Fluency 

had slightly smaller correlations, .34 to .51, with the reading outcome measures. They 

also found that Nonsense Word Fluency and Word Identification Fluency had large 

correlations with broad reading measures. First grade WIF was also linked to distal 

reading outcomes in grade 2 in a previous study by Compton and colleagues (2012). 

January and Klingbeil (2020) concluded that curriculum-based measures can be 

interpreted as indicators of early reading achievement. However, they noted that more 

research is needed on the classification accuracy for identifying students at risk. 

 The most researched curriculum-based measure is the measure of oral reading 

fluency (ORF). For ORF administration, students are given a grade-level passage and 

asked to read it aloud for one minute. As the student reads, the assessor marks any errors 

the student makes. A student’s final score is the number of words read correctly per 

minute and can be compared to national fluency norms (Hasbrouck & Tindal, 2017). A 

student’s accuracy can also be determined. This general outcome measure is a quick 

check of a student’s reading fluency and accuracy at a given point in time (Deno, 2003). 

ORF measures can be used for benchmarking and are sensitive enough for more frequent 

progress monitoring (Deno, 2003). ORF measures are sensitive enough to differentiate 

between typical and at risk readers (Petscher et al., 2019b). 

 Oral Reading Fluency has also been found to be strongly correlated to state 

achievement tests. Shin and McMaster (2019) conducted a meta-analysis of the 
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relationship between ORF and MAZE, a reading comprehension curriculum-based 

measures, and state achievement tests. They included 61 studies that met their inclusion 

criteria in their analysis. In grades 1-6, correlations between ORF and state achievement 

tests ranged from 0.60 to 0.80. They also noted that the correlations decrease as a 

function of increasing grade level, which indicates that screening materials may need to 

shift as students move up in grades. Doing so would ensure that the assessments are most 

appropriate for the student’s needs and can promptly support educators in providing the 

most appropriate interventions. They concluded that CBM reading tasks (ORF and 

MAZE) are valid indicators of reading comprehension on state tests (Shin & McMaster, 

2019). These findings, they noted, were moderated by the type of test (i.e., commercial or 

state developed) and the time interval between the administrations of the test. 

 When using curriculum-based measures as part of the universal screening process, 

research favors the use of multiple indicators over any single measure (Kettler & Albers, 

2013). CBM are intended to be quick indicators of risk and, therefore, may lack the 

diagnostic information necessary for making informed decisions (Ochs et al., 2020). 

Kettler and Albers (2013) found that including teacher ratings of students’ reading ability 

improved accurate risk classification of curriculum-based measures. In addition, Lam & 

McMaster’s (2014) review supported using multiple measures of word identification, 

alphabetic principle, fluency, and phonemic awareness in screening batteries. They found 

that student demographics and vocabulary alone were generally not predictive and that 

the use of fluency measures, in addition to accuracy-based measures, improved the 

identification of risk (Lam & McMaster, 2014). 
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 Multiple curriculum-based measures are also predictive of performance on state 

achievement tests and can be used to predict future performance as early as in grade 1. 

Shapiro et al. (2006) found that CBM-Reading (CBM-R) or oral reading fluency 

measures were a strong predictor of success on state achievement tests which is 

consistent with other studies (Keller-Margulis et al., 2008; Yeo, 2010). Silberglitt and 

Hintze (2005) found that CBM-R was a strong predictor of success on the state 

achievement test with a high predictive and concurrent validity. They further suggested 

that schools set local cut scores on CBM-R that are more predictive of passing the state 

achievement test to allow schools to determine students who are at risk of not being 

proficient on the state test as early as first grade (Silberglitt & Hintze, 2005).  

 Curriculum-based measures used as universal screeners provide a quick estimate 

of basic academic reading skills. Their brevity and versatility have made them commonly 

used for universal screening within an RTI framework. Evidence has established their 

ability to predict distal outcomes, including state achievement tests, which has added to 

their popularity. However, they are often given in a one-on-one setting, which requires a 

lot of time and personnel to complete in a timely manner. Also, their brevity does not 

allow the measures to provide necessary diagnostic information.  

 Computer-Adaptive Tests. An alternative type of universal screener is the 

computer-adaptive test. Computer-adaptive tests are typically group-administered, 

computer scored measures that can estimate students’ current instructional needs across a 

wider range of domains (Ball & Connor, 2016). According to Shapiro and Gebhardt 

(2012), a computer-adaptive test can identify specific skill areas of strength and weakness 

by refining test items presented based on the students’ responses for more domains than a 
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traditional CBM. This adaptation is based on the premise that a domain comprises 

various underlying skills that follow a developmental progression (Shapiro & Gebhardt, 

2012). Using item-response theory (IRT), each student receives a unique test (Ochs et al., 

2020). Therefore, a computer-adaptive test can provide more diagnostic information than 

a CBM assessment designed to measure a single skill or a general skill (Shapiro & 

Gebhardt, 2012). Although computer-adaptive tests have been used as part of assessment 

programs in schools, there is limited research on their use as universal screeners (Ball & 

O’Connor, 2016; Sutter et al., 2020). 

 Ball and O’Connor (2016) examined the utility of a computer-adaptive measure 

and a CBM for predicting performance on state-level achievement tests and for their 

ability to identify student risk for academic difficulty. Their measures were the standards-

based Northwest Evaluation Association’s (NWEA) Measures of Academic Progress 

(MAP) and the skills-based DIBELS oral reading fluency. Each measure was 

administered in the spring of grade 2, and both were found to be significant predictors of 

the fall of grade 3 state achievement test performance. They also found that the use of 

locally derived cut-scores for the universal screeners improved the classification accuracy 

of each measure. In their conclusion, they stated that grade 3 state test performance could 

be accurately predicted by screening students in the spring of grade 2 using MAP and 

DIBELS oral reading fluency together (Ball & O’Connor, 2016). In 2020, Ochs and 

colleagues (2020) examined the predictive validity of another computer-adaptive test, the 

Star Reading assessment (STAR-R) from Renaissance Learning, for predicting 

performance on a state assessment for students in grades 3 to 5. They found significant 
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correlations between STAR-R and state tests within the same school year and one to two 

years later (Ochs et al., 2020).  

 More recently, Thomas and January (2021) studied the relationship between the 

MAP and another state assessment. They argued that the urgency required for identifying 

students at risk for reading difficulties and the importance of accurate classification 

requires a universal screener that conserves time and resources, a characteristic of 

computer-adaptive tests (Thomas & January 2021). In their study, they found that MAP 

scores in the spring of second grade were a statistically significant predictor of the state 

assessment in the fall of third grade for two cohorts of students using local cut scores 

(Thomas & January 2021).  

 Emerging evidence has shown that computer-adaptive tests hold promise for their 

use as universal screeners and warrant further research. Computer-adaptive tests may 

improve accuracy in identifying risk and providing diagnostic information that can lead 

to more targeted interventions (Klingbeil et al., 2015; Ochs et al., 2020). Their ability to 

adapt items presented to each student and their demonstrated correlations to state 

assessments further support their potential for use as universal screeners (Shapiro & 

Gebhardt, 2012; Sutter et al., 2020). Other researchers have noted additional benefits of 

computer-adaptive tests, such as their cost effectiveness since no printing is necessary for 

the computer test and automated scoring that eliminates the time needed for grading 

(Sutter et al., 2020; Thomas & January 2021). These benefits are beyond what traditional 

curriculum-based measures can provide (Ochs et al., 2020). 
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Domains of Universal Screeners 

 Universal screeners for reading are designed to assess student performance across 

a set of literacy domains and are often based on developmental reading research or state 

literacy standards. Broad reading constructs of word reading and comprehension broken 

down into various domains such as phonological awareness, word reading, vocabulary, 

fluency and comprehension are often included. 

 Phonological awareness is the ability to hear and manipulate the parts of language 

from the sentence level to the phoneme level (Wanzek et al., 2020). A subskill of 

phonological awareness, phonemic awareness is the ability to hear and manipulate 

individual sounds in spoken words and is a strong predictor of early reading and later 

reading skills (Peng et al., 2019). Students begin with identifying rhyming words and 

counting the syllables in words. Then, students proceed to blending onsets and rimes, 

producing rhyming words, and isolating initial sounds in words for matching sounds. 

Students then develop the ability to blend, segment, and substitute simple words with up 

to four phonemes (Wanzek et al., 2020). At the highest or most complex level, students 

are able to delete phonemes from words, including words with blends. These skills 

develop in a general progression and overlap rather than in discrete, isolated steps. An 

inability to segment words or syllables is a strong predictor of early reading difficulty 

(Ehri, 2004). These emergent literacy skills are most often included in grade-level 

standards and assessments in kindergarten and first grade but may be used for identifying 

skill deficits in older students (Catts et al., 2015). 

 Word reading skills are foundational to reading comprehension and are a critical 

predictor of reading success (Clemens et al., 2019; Perfetti & Stafura, 2014; Vaughn et 



 

 

23 

 

al., 2020). Letter knowledge and an understanding of the alphabetic principle are the first 

aspects of word reading introduced to young readers and have been shown to be 

significant predictors of both early and later reading skills (Ehri, 2004; Peng et al., 2019). 

The alphabetic principle is the knowledge that individual phonemes, or speech sounds, 

are represented by graphemes or letters (Ehri, 2004). Decoding is the ability to pronounce 

written words. Students typically follow a developmental progression of word 

recognition skills that moves from the emergent literacy skills of letter knowledge and 

letter-sound correspondences to decoding simple words to decoding larger word parts to 

finally being able to accurately and fluently read (Ehri, 2004). Word reading assessment 

tasks include letter naming, letter sounds, word reading fluency, and nonsense word 

fluency. 

 Vocabulary is another domain included in many universal screeners because of its 

strength as a predictor of reading comprehension. To be proficient readers, accurate and 

fluent reading is insufficient. Students must know the meanings of the words being read. 

Vocabulary both directly and indirectly impacts reading comprehension (Elleman & 

Oslund, 2019). As a necessary component of reading proficiency at all grade levels, 

vocabulary has been shown to be a particularly good indicator of state reading test 

proficiency when compared to other curriculum-based measures assessments (Nese et al., 

2008). As students get older and progress through school, vocabulary offers a unique 

contribution to reading comprehension (Clemens et al., 2019; Peng et al., 2019).  

 Reading comprehension is a more complex task, and therefore, it is more difficult 

to assess (Catts, 2018). However, as the ultimate goal of reading, comprehension is a key 

domain assessed on universal screeners. Reading comprehension is making sense of text 
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through the coordination of a variety of cognitive processes (Elleman & Oslund, 2019; 

Silva & Cain, 2015; Wanzek et al., 2020). It involves building a coherent representation 

of the text by making connections between the ideas and events in the text with prior 

knowledge and is supported by inference-making. Various strategies may be employed to 

make those connections including strategies to correct understanding when 

comprehension breaks down (Catts, 2018; Elleman & Oslund, 2019; Wanzek et al., 

2020). Because of the complex nature of reading comprehension, it is difficult to assess 

in a single measure (Elleman & Oslund, 2019). In fact, research has shown that reading 

comprehension assessments are not highly correlated with one another (Elleman & 

Oslund, 2019). Yet despite the challenges, a measure of reading comprehension added to 

ORF improved the predictability for a state reading test (Shapiro et al., 2008). 

 Spelling may also be included in universal screeners because of its ability to offer 

insight into a students’ reading development by providing information about their 

knowledge and ability to apply foundational reading skills (Clemens et al., 2014). 

Learning to read is intertwined with learning to spell due to the common foundational 

skills on which both are based (Clemens et al., 2014; Graham & Santangelo, 2014). 

Therefore, assessing spelling skills can provide information about other reading related 

skills (Clemens et al., 2014).  

 The domains assessed or required for a composite reading score will vary across 

universal screeners and can depend on grade level, timepoint, or purpose. Therefore, 

special consideration should be given to the domains assessed by a universal screener in 

addition to the population and setting factors when selecting a universal screener. 
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Universal Screener Selection 

 When choosing a universal screener, it is essential to consider the measure’s 

appropriateness for the setting in which it will be used. With the high stakes of 

identifying students at risk for academic difficulties and deciding which interventions to 

provide, decisions regarding selecting the measure to use are critical. First, a universal 

screener should be compatible with the needs of the local school or district (Glover & 

Albers, 2007). The purpose of the screener, the frequency of administration, and the 

alignment of domains or constructs being assessed are all essential considerations 

(Glover & Albers, 2007). The theoretical and empirical support for the measure should 

also be reviewed to ensure a reliable and accurate measure is chosen (Hosp & Ardoin, 

2008). The measure should be contextually and developmentally appropriate for the 

intended population being screened (Glover & Albers, 2007). This can be decided by 

reviewing test items if available. Finally, the practical characteristics such as the testing 

time, personnel required for administration, and the impact on instructional time should 

also factor into selecting a universal screener (Klingbeil et al., 2015). 

Reliability and Validity 

In the past few decades, independent research on universal screening measures 

has progressed to the point that measures with sufficient reliability and validity are 

available that allow educators to feel more confident about the results and decisions being 

made based on them (Glover & Albers, 2007). However, most of the research has 

focused on curriculum-based measures, which have been available for longer. As a newer 

type of universal screener, computer-adaptive assessments must provide accurate and 

reliable information to make critical decisions for students, especially those who struggle 
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or are at risk of struggling (Fletcher et al., 2005). The reliability of a measure refers to the 

consistency of the results (McKenna & Stahl, 2009). Reliability coefficients are 

computed and expressed as values ranging from 0 to 1, with coefficients closer to 1.0 

being considered more reliable. A measure with a reliability coefficient of .90 is 

considered to have high reliability. 

 The validity of an assessment is measured in a variety of ways based on the 

evidence collected (McKenna & Stahl, 2009). For example, content validity reflects the 

alignment of the curriculum being taught to what is being assessed. Construct validity is 

the extent to which the test measures what it is supposed to measure and is often verified 

by comparing the test to other tests that measure those same constructs. Concurrent 

validity is determined by comparing the results of the test with the results of an 

established test given at the same time. The higher the correlation between the scores, 

then the higher the concurrent validity.  

 For universal screening purposes, predictive validity is important because the 

results of the screening measures are often being used to predict future risk. Predictive 

validity is the ability of one test to predict the performance on a future test (McKenna & 

Stahl, 2009). Relationships between screeners and other academic outcomes are often 

determined through correlation or regression analysis (Ball & O’Connor, 2016). 

Correlations demonstrate the strength of association between the two measures (Ball & 

O’Connor, 2016). Regression analyses can show the amount of variance in the outcome 

measure accounted for by the screener. Although these analyses provide evidence of the 

technical adequacy of results, they are insufficient for providing information regarding 
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the diagnostic accuracy of the testing results (Kane, 2013). Therefore, an additional set of 

analyses are necessary. 

Diagnostic Accuracy 

Diagnostic accuracy provides a statistical means of determining the usefulness of 

an assessment for screening. The diagnostic accuracy, or classification accuracy, of 

universal screeners is most often evaluated using methods derived from signal detection 

theory and is considered to be a form of predictive validity (Petscher et al., 2019a; 

Trevathan, 2017). Signal detection theory is a method for measuring a system’s ability to 

detect or recognize a signal or event despite background noise (Swets, 1996). In 

detection, the goal is to detect a signal from the noise. In a recognition task, the goal is to 

recognize and differentiate two signals (e.g., category A and category B). Signal 

detection theory allows for the separate evaluation of discrimination (i.e., the degree to 

which evidence points to the existence of a signal from the noise or signal A from signal 

B) and the decision process (i.e., the process to determine how strong the evidence must 

be to choose one signal or the other; Swets, 1996). In education, signal detection theory 

can be applied to maximize the diagnostic accuracy by accurately identifying students 

who are at risk or not at risk of future reading struggles on a gold standard measure of 

reading (Kent et al., 2019). 

 In education, diagnostic accuracy is a method for establishing the predictive 

validity of screeners with dichotomous or continuous predictors and dichotomous 

outcomes that goes beyond establishing a point correlation between a predictor and a 

criterion (e.g., pass/fail; Ball & O’Connor, 2016; Hosp et al., 2011; Thomas & January 

2021). Diagnostic accuracy metrics include population-based sensitivity and specificity 
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and sample-based positive and negative predictive power (Trevethan, 2017). Sensitivity, 

the true-positive proportion, is defined as the number of cases that test positive on the 

screener and positive on the gold standard outcome divided by the total number of 

positive cases on the gold standard measure. Trevethan (2017) suggests that a more 

precise definition of sensitivity includes the probability of correctly identifying all those 

who have a condition or are positive while minimizing the false negative rate. Specificity 

is defined as the number of cases that test negative on the screener and are also negative 

on the gold standard outcome divided by the total number of negative cases on the gold 

standard measure (Trevathan, 2017; VanDerHeyden, 2010). High sensitivity and 

specificity levels are necessary and should be prioritized for universal screening measures 

(Kent et al., 2019; Petscher et al., 2019a; VanDerHeyden, 2010). Yet, there is no 

consensus on the optimal level of sensitivity or specificity in the literature (Kent et al., 

2019). Acceptable levels of sensitivity and specificity often range from .70, considered to 

be an adequate level, to .95, a high level (Catts et al., 2015; Compton et al., 2006; Kilgus 

et al., 2014; Hosp et al., 2011). Regardless of the level set, a balance between sensitivity 

and specificity is needed to ensure accurate results (Ball & O’Connor, 2016). 

 The sample-based metrics of positive and negative predictive power should also 

be considered when determining the diagnostic accuracy (i.e., classification accuracy) of 

a screener. These statistics are based on the sample being screened and are influenced by 

the prevalence of the condition within the sample and base rate effects, the percentage of 

at-risk students according to the outcome measure (Ball & O’Connor, 2016; Kent et al., 

2019). Positive predictive power is a screening test’s probability or odds that a positive 

test finding is truly positive. Positive predictive power is calculated by dividing the 
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number of individuals indicated as at risk on the screener and the gold standard measure 

by the number of positive cases on the screening measure (Trevathan, 2017; 

VanDerHeyden, 2010). In contrast, the negative predictive power is the probability or 

odds that a negative test finding is truly negative (Trevathan, 2017; VanDerHeyden, 

2010). Trevathan (2017) argues that positive and negative predictive power should be 

used to make decisions at the individual level rather than sensitivity and specificity. He 

suggests that high sensitivity may not be helpful for definitively saying a condition is 

present or not. Instead, high sensitivity allows a person to be ruled out as having a 

condition if the person tests negative on the screener. In contrast, high specificity allows a 

person to be confident that the condition is present if the test is positive. Moreover, he 

suggests that high positive predictive power and negative predictive power are more 

desirable for making decisions at the individual level to minimize false positives, which 

can be associated with overtreatment and unnecessary costs of interventions (Trevathan, 

2017).  

 Estimating a receiver (or relative) operating curve (ROC) is one of the primary 

methods for visually evaluating the diagnostic accuracy of a universal screener by 

graphically separating the discrimination from the decision process (Hosp et al., 2011; 

Swets, 1996). An ROC curve plots the proportion of true positives against the proportion 

of false positives across all bias cut points for decision making. The primary objective of 

ROC is to identify the decision criterion (i.e., cut score on a screener) that maximizes the 

best balance of true-positive proportion and false-positive proportion, which vary with 

one another. When the true-positive rate is equal to the false-positive rate, the 

discrimination is zero, meaning there is no discrimination. When the true-positive rate is 
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equal to one for all values of the false-positive rate, then the system has perfect 

discrimination (Swets, 1996).  

 The area under the curve (AUC) is the most common value for the overall 

accuracy of a screening measure. It provides the probability of a predictor correctly 

identifying two random students in a sample (Hosp et al., 2011). The AUC values range 

from 0.5, equivalent to chance, to 1.0 for a perfect screener. AUC values above .90 

represent excellent diagnostic accuracy, while values between .80 and .90 are considered 

good (Compton et al., 2006). The AUC is also used as an effect size statistic (Hosp et al., 

2011). However, it is essential to note that the AUC does not account for the condition’s 

prevalence or the costs of misdiagnosis (VanDerHeyden, 2010). 

 When making decisions based on universal screeners, considerations should be 

given to the diagnostic accuracy of the measure, the scope of assessment, and its 

reliability and validity (Petscher et al., 2019a). In addition, determining the diagnostic 

accuracy is an important first step in making student placement decisions because it has 

important implications for allocating resources in a school (Kent et al., 2019; Thomas & 

January 2021). Therefore, diagnostic accuracy should be determined for universal 

screeners to maximize the decision making rules and procedures associated with the 

measures (VanDerHeyden, 2010).  

Assessing Diagnostic Accuracy 

 Researchers have explored the diagnostic accuracy of universal screeners using 

statistical methods to determine how well do screeners predict outcomes on state 

assessments. These methods allow researchers to explore beyond the strength of the 

relationship between two measures based on correlations. In 2005, Silberglitt and Hintze 
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compared the utility and accuracy of four statistical methods for establishing CBM-

Reading cut scores to predict passing or failing the state achievement test. They 

suggested that establishing local cut scores was a useful alternative to the traditional 

normative data. Using discriminant analysis, the equipercentile method, logistic 

regression, and receiver operating characteristic (ROC) curves, they found that a 

combination of logistic regression and ROC curve analysis were the strongest methods 

for establishing cut scores that result in the highest levels of diagnostic accuracy. These 

methods have been used throughout the medical and educational research exploring the 

diagnostic accuracy of screeners. 

 Shapiro and his colleagues (2006) applied ROC curve analysis to their work to 

determine the diagnostic accuracy of curriculum-based measures. After determining a 

moderate to strong relationship between the two measures across the fall, winter, and 

spring benchmarks through correlational analysis, they created ROC curves to determine 

the sensitivity, specificity, positive predictive power, and negative predictive power. 

They found that reading curriculum-based measures had levels of sensitivity and 

specificity above .7 based on the local cut scores, which are considered to be acceptable 

levels for a screening measure.  

 Following the publication of Silberglitt and Hintze (2005) and Shapiro et al. 

(2006), other researchers began to examine ways to improve the diagnostic accuracy of 

universal screeners by the inclusion of additional measures. Adding a screening measure 

of reading comprehension to ORF resulted in a greater prediction of outcomes on a state 

reading test (Shapiro et al., 2008). Using logistic regression and ROC curve, the authors 

examined the diagnostic accuracy of DIBELS ORF and 4Sight Benchmark Assessment 



 

 

32 

 

for classifying students as at risk of not passing the Pennsylvania System of School 

Assessment (PSSA) for 1000 students in grades 3 through 5. Speece and colleagues 

(2010) sought to identify a screening battery that would accurately identify students in 

need of more intensive intervention. Using a variety of measures designed to assess 

reading comprehension, listening comprehension, word recognition, decoding, 

phonological processing, and spelling, they assessed 230 fourth-grade students from 15 

parochial schools. An additional teacher rating of students’ abilities was included. Using 

regression analyses to determine a subset of predictors followed by logistic regression 

and ROC curves, they determined that risk was best identified through measures of 

reading comprehension, word reading fluency, and teacher ratings. When combined, the 

three measures resulted in an area under the curve of .90. They concluded that a 

multivariate approach to universal screening is necessary for accurate identification, a 

finding supported by other research (Johnson et al., 2010; Keller-Margulis et al., 2008; 

Kent et al., 2019; Kettler & Albers, 2013). 

 In 2012, one of the first direct comparison of curriculum-based measures and 

computer-adaptive assessments was published by Shapiro and Gebhardt. Again, the 

researchers began with establishing predictive validity by showing a moderate to strong 

relationship between the two types of assessments and a state assessment across three 

assessment timepoints as demonstrated by correlations. To compare the diagnostic 

accuracy of the two types of measures in their within-subjects design, they used cross-

tabulations to identify the cut scores associated with the 16th percentile, a cut point 

associated with marking proficient/not proficient on the state test. Then, diagnostic 
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accuracy metrics were calculated and compared against the standard level of .90 as 

suggested by Johnson et al., (2009).  

Setting universal screener cut scores for comparison across different measures on 

different scales has also been approached in various ways. Like Shapiro and Gebhardt 

(2012), Clemens et al. (2015) also used cross-tabulations and a predetermined 40th 

percentile to set cut scores before computing the diagnostic metrics when comparing 

CBM, Star Early Literacy, and norm-referenced tests. Ochs and colleagues (2020) chose 

to use the cut score associated with predetermined percentile ranks of 25th and 40th when 

examining the diagnostic accuracy of Star Reading for predicting outcomes in the state 

reading test. Others have chosen to set the sensitivity to a desirable level of .90 when 

using different assessments, and then use the resulting cut scores pulled from the ROC 

curves to determine diagnostic accuracy (Kent et al., 2019; Klingbeil et al., 2015; 

Klingbeil et al., 2018). 

Another statistical method that can support the goal of understanding and 

quantifying the diagnostic accuracy of multiple assessments while also determining the 

importance of the predictor is the comparison of the areas under the curve (AUC) derived 

from ROC curves (Kuhn & Johnson, 2016). In 1982, Hailey and Long posited that the 

AUC, as it represents the probability of correctly identifying a randomly selected case, is 

similar to a Wilcoxon statistic, a test used to determine how useful a discriminator is. 

Using this relationship, the AUC value and its standard error (SE) can be computed from 

observed data and then compared.  

 With the available statistical methods for building predictive models commonly 

used in research, it is possible to quantify the diagnostic accuracy of the predictions being 
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made using universal screener. Diagnostic accuracy allows researchers to move beyond 

the question of whether or not a measure is a strong predictor of another and into a 

discussion centered on how accurately a measure is able to classify students at risk. It 

further allows for the quantification of how well a model will perform with future data to 

make an educational decision of risk to triage students for intensified instruction and 

intervention (Kuhn & Johnson, 2016). However, few studies have been undertaken to 

evaluate and compare the diagnostic accuracy of commonly used computer adaptive tests 

used to screen students for risk across the country. 

Research Problem 

 This study examined the predictive validity and diagnostic accuracy of three 

computer-adaptive universal screeners. Predictive validity is one indicator of technical 

adequacy established by correlating one measure to another (Ball & O’Connor, 2016). 

However, predictive validity alone is insufficient to inform the selection of tests for 

universal screening (Klingbeil et al., 2018). Diagnostic accuracy provides information 

beyond the strength of the relationship between two measures by providing evidence that 

supports the accuracy of the decisions being made (Klingbeil et al., 2018; Thomas & 

January, 2021). Much of the initial research on universal screeners focused on improving 

the measures themselves rather than the utility and predictability of the measures for 

other meaningful academic outcomes (i.e., state achievement tests; Hosp et al., 2011; 

Ochs et al., 2020). Also, a majority of the current supporting evidence has shorter time 

intervals between the administration of each measure, with most studies using three to 

six-month intervals between universal screening and achievement test administration 
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(Hosp et al., 2011). Predictive validity and diagnostic accuracy of each computer-

adaptive universal screener was examined in this study. 

 By using three different computer-adaptive universal screeners, this study adds to 

the growing body of research on the utility and effectiveness of computer-adaptive 

measures for universal screening by comparing universal screening data from the spring 

of grade 2 to state achievement test performance in the spring of grade 3 for students who 

took one of the three universal screeners. If a universal screener can predict performance 

before a state achievement testing year, it will increase intervention opportunities (Ochs 

et al., 2020). Earlier intervention could lead to better outcomes.  

 Specifically, this study compared the ability of universal screening data obtained 

from three computer-adaptive universal screeners administered at the end of the second 

grade to predict a child’s likelihood of passing a state reading achievement test given at 

the end of third grade and the accuracy of those decisions. Grade 2 is the last opportunity 

to intervene before the mandated state testing begins in grade 3 (Ochs et al., 2020). By 

grade 2, students have already had up to two years of formal reading instruction. Cross-

grade prediction can open additional opportunities for intervention and support in-

between the grade levels or allow intensive intervention to begin immediately at the start 

of the next school year (Ball & O’Connor, 2016). Proficiency on state tests is one 

outcome of particular importance to schools. It has the potential for identifying students 

at risk for academic failure before the testing year, which can maximize intervention time 

(Keller-Margulis et al., 2008).  

 This study addressed the current gap in research on cross-grade level prediction of 

performance on state achievement tests using computer-adaptive universal screening 
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measures. Including three computer-adaptive universal screeners that differ in domains 

assessed, administration times, formats, and scores reported in this study provides a 

unique opportunity to examine their predictive validity and diagnostic accuracy for a 

single outcome measure not specific to one state, an analysis that is lacking in the current 

literature. Of the three computer-adaptive universal screeners in this study, only the 

Istation Indicators of Progress assessment includes a measure of reading fluency, a 

measure that is a strong predictor of reading outcomes. MAP and Star Reading do not. 

All three universal screeners included in this study have vocabulary and reading 

comprehension measures, but only one includes a spelling measure (i.e., Istation). These 

different reading domains assessed by default could impact the diagnostic accuracy of the 

universal screeners for a state standardized test. 

 The current study also adds to the literature by examining three different 

computer-adaptive universal screeners in relation to one widely available state 

achievement test. Many studies include only one of the computer-adaptive measures as a 

predictor for a single, state-specific assessment (e.g., Ball & O’Connor, 2016; Clemens et 

al., 2015; Kettler & Albers, 2013; Ochs et al., 2020). One study did examine the 

predictive validity of Istation and Star Reading, but the outcome measure was an 

achievement test specific to one state (Sutter et al., 2020). The outcome measure in this 

study is a nationally normed, widely available measure, the ACT Aspire. One Istation 

internal study that linked Istation to the ACT Aspire identified a high correlation of 0.71 

when using the spring of Grade 2 Istation scores, and the middle-of-the-year Grade 3 

ACT Aspire scores (Patarapichayatham & Locke, 2020). Star Reading (r = .84) and MAP 
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(r = .80) have also been shown to be correlated to ACT Aspire based on research 

published by the publishers (NWEA, 2020; Renaissance Learning, 2017). 

The current study attempted to expand the research by comparing the predictive 

validity and diagnostic accuracy of three computer-adaptive measures to a state 

assessment that was not created for a single state alone. 

 Specifically, the study will address the following research questions: 

1. To what extent is performance on each computer-adaptive universal 

screener in the spring of 2nd grade predictive of performance on the state-

mandated achievement test in the spring of 3rd grade? 

2. Which of the three computer-adaptive universal screeners has the best 

diagnostic accuracy based on their area under the curve? 

3. Using a direct route screening approach, what is the diagnostic accuracy of 

each computer-adaptive universal screener on a state-mandated achievement 

test using one of the most commonly-used statistical methods for diagnostic 

accuracy (i.e., ROC curve analysis) and based on (a) cut score associated 

with the 40th percentile, (b) cut score when sensitivity is set to .90, and (c) 

cut score that maximizes both sensitivity and specificity? 

 To address research question 1, the correlations between each computer-adaptive 

universal screener and the ACT Aspire were examined to establish the strength of 

association between the measures. This preliminary analysis is consistent with the 

research literature as a standard practice for establishing each screener as a valid measure 

for predictive purposes (Clemens et al., 2015; Klingbeil et al., 2018; Ochs et al., 2020; 

Patarapichayatham & Locke, 2020; Speece et al., 2010; Sutter et al., 2020; Thomas & 
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January 2021). In addition to correlations, logistic regression models were run for each 

screener.  

 To address question 2, receiver operating characteristic (ROC) curves will be 

modeled for each computer-adaptive universal screener. The procedure is a common 

procedure for diagnostic accuracy research (Ball & O’Connor, 2016; Ochs et al., 2020; 

Silberglitt & Hintze, 2005; Thomas & January, 2021; VanMeveren et al., 2020). The 

universal screener scores will be entered as continuous variables while the outcome 

variable will be dichotomous (0 = pass, 1 = fail). Modeling the data in this manner 

allowed for the areas under the curve be calculated. The AUC is a summary statistic for 

overall diagnostic accuracy across all possible decision criteria (i.e., cut scores; Swets et 

al., 2000). A comparison of the AUC between each of the three measures will be 

performed using established procedures (Hanley & McNeil, 1982; Kuhn & Johnson, 

2016). 

Finally, for research question 3, ROC curves for each computer-adaptive 

universal screener were used to identify the cut score associated with the 40th percentile 

on each measure, the cut score that maximizes sensitivity, and the cut score that 

maximizes both sensitivity and specificity. In this regard, ROC curves have been found to 

provide the most flexibility and highest levels of diagnostic accuracy for setting standards 

and establishing cut scores (Silberglitt & Hintze, 2005). For part a, the cut score 

associated with the 40th percentile will be used. The 40th percentile has been suggested for 

benchmarking to allow for the identification of more students who potentially may be at 

risk (Ochs et at., 2020). For part b, the sensitivity rate will be set at .90, as suggested by 

Compton et al. (2006). For part c, the findings for sensitivity and specificity will be set at 
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.80 and .70 respectively, based on the suggestions for maximizing sensitivity and 

specificity from a meta-analysis by Kilgus and colleagues (2014). Once the cut scores for 

each parameter were identified, then the sensitivity, specificity, positive predictive power, 

negative predictive power, and overall classification rate was calculated for each cut 

score and the resulting contingency matrices were created.  
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CHAPTER III: METHOD 

 The following methodology was implemented to investigate the predictive 

validity (i.e., research question 1) and diagnostic accuracy of the computer adaptive tests 

(i.e., research questions 2 and 3). 

Participants  

 This study uses extant data from Arkansas collected during the 2017-2018 and 

2018-2019 school years. The analytic sample includes students enrolled in Grade 2 

during the 2017-2018 school year and enrolled in Grade 3 during the 2018-2019 school 

year in 417 elementary schools in the state. Table 1 shows the demographics of the 

analytic sample by screener and total analytic sample. All students included in the 

analytic sample had a universal screener score from Istation, MAP, or Star Reading in 

second grade and a state ACT Aspire score from third grade. The resulting analytic 

sample includes 23,292 students. 

 
 
 
Table 1 
 
Sociodemographic Characteristics of Students in the Analytic Sample 
 

Characteristic IStation 
(n = 4852) 

MAP 
(n = 12,410) 

Star Reading 
(n = 6030) 

Total 
(n = 23,292) 

 n % n % n % n % 
Race         

 White 3311 68.2 7116 57.3 3760 62.4 14187 60.9 

 African 
American 

488 10.1 2192 17.7 1617 26.8 4297 18.4 

 Hispanic 745 15.4 2222 17.9 444 7.4 3411 14.6 

 Other groups 308 6.3 880 7.1 209 3.5 1397 6.0 
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Table 1         

Characteristic IStation 
(n = 4852) 

MAP 
(n = 12,410) 

Star Reading 
(n = 6030) 

Total 
(n = 23,292) 

n % n % n % n % 
Gender         

 Male 2457 50.6 6216 50.1 3046 50.5 11719 50.3 

 Female 2395 49.4 6194 49.9 2984 49.5 11573 49.7 

Free & 
Reduced Lunch 

        

 Yes 3159 65.1 7325 59.0 4256 70.6 14740 63.3 

 No 1693 34.9 5085 41.0 1774 29.4 8552 36.7 

SPED         

 Yes 693 14.3 1504 12.1 728 12.1 2925 12.6 

Limited 
English  
 Proficiency 

547 11.3 1814 14.6 222 3.7 2583 11.1 

Note. SPED = Special education services 
 
 
 

The 417 schools from which our analytic sample was drawn represent a diverse 

range of academic performance. Table 2 displays the breakdown of schools by the letter 

grade assigned to each school through the state rating system. The state’s rating criteria 

used a multiple measure approach based on each school’s academic achievement, school 

value added growth scores which includes English Learner progress, adjusted cohort 

graduation rates, and indicators of school quality and student success (e.g., on-grade level 

reading, ACT scores, attendance, proficiency on state tests, GPA, and on-time credits) 

(Arkansas Department of Education, 2018). 
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Missing Data 

Due to the large sample available for this study, students missing either their 

spring 2018 universal screening score, their spring 2019 state achievement test score 

were dropped from the sample. Approximately 32% of the original sample was missing 

either a universal screening score or the state achievement test score. Results from the 

analytic sample are reported. 

 
 
Table 2 
 
Descriptive Statistics of School Letter Grades by Screener 
 

Screener A B C D & F NA Total 
Schools 

 n % n % n % n % n % n 
Istation 9 10.5 25 29.1 47 54.7 5 5.9 0 0 86 

MAP 44 21.7 60 29.6 59 29.1 40 19.7 0 0 203 

Star 
Reading 13 10.2 39 30.5 40 31.3 35 27.4 1 0.7 128 

 
 
 
Measures 

Istation’s Indicators of Progress Reading  

 The Istation’s Indicators of Progress Early Reading is a computer-adaptive 

assessment of critical reading skills for Pre-Kindergarten (Pre-K) through Grade 3 that 

provides an overall reading ability score. The test measures student abilities in phonemic 

awareness, alphabet knowledge, fluency with connected text, vocabulary, and 

comprehension through various subtests (Mathes, 2009). The default subtests for Grade 2 

are vocabulary, reading comprehension, spelling, and text fluency (Mathes et al., 2016). 
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Item difficulty within each domain range from Pre-K through Grade 5. Items also 

represent varying difficulty levels, with items corresponding to easy, moderate, and hard 

for each grade (Mathes et al., 2016).  

Istation is administered to whole classrooms during monthly assessment periods 

no longer than 40 minutes. The assessment is presented in a game-like format, complete 

with art graphics and an animated announcer, thus allowing students to feel like they are 

playing a game rather than taking a test. During the first administration of the assessment, 

item difficulty defaults to the student’s grade level. Once the student responds to the first 

item, the assessment presents subsequent items based on the individual student’s 

performance, resulting in items of appropriate difficulty being presented (Mathes et al., 

2016). For later administrations of the assessment, the starting point corresponds with the 

student’s ability level as determined by previous administrations. 

 Once an assessment is complete, the data is immediately available to the teacher, 

thus allowing timely interpretation and action. Istation uses a measurement index with 

equal intervals called ability indices. Each ability index is assigned a numeric value that 

is identical across all grade levels (Mathes et al., 2016). For example, a first grade student 

and a fourth grade student who score 220 are considered to be performing at the same 

level. These indices allow student progress to be tracked across multiple grade levels. In 

addition to the ability index score, national norms are provided for Pre-K to Grade 3 for 

comparing students’ scores to a nationally representative sample. Students with reading 

comprehension scores are given a Lexile reader measure for instructional purposes 

(Mathes et al., 2016). Teachers are also provided links to instructional resources such as 

instructional plans and materials based on a students’ assessment performance. 
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 The Istation is a reliable and valid measure. The test-retest reliability based on the 

Pearson product-moment correlation coefficients across multiple administrations of the 

measure throughout the year ranged from 0.927 to 0.970 in an internal study with 416 

participants (Mathes, 2009). The marginal reliability, the item response equivalent to 

classical internal consistency, for any testing administration is set to approximately 0.90 

(Mathes et al., 2016). Construct validity was established by testing items in mock-up 

form and later via computer. Item banks were built initially based on previous work by 

one of the assessment’s authors, Torgesen, to determine how to best measure the 

constructs within each domain. The resulting pool of items was then calibrated under a 2-

parameter IRT model. Items with unacceptable fit statistics were removed from the item 

bank. Concurrent validity was established by computing the Pearson correlation 

coefficients between the Istation and other established reading measures such as 

DIBELS, the Texas Primary Reading Inventory, and the Iowa Test of Basic Skills. 

Correlation coefficients ranged from 0.48 to 0.83 for DIBELS and 0.82 to 0.90 for the 

ITBS. To establish the predictive validity for Istation, the Pearson correlations between 

Istation and the Texas Assessment of Knowledge and Skills (TAKS) were computed. The 

resulting correlations ranged from 0.695 to 0.741, with the Istation demonstrating 

stronger correlations to the TAKS than DIBELS, which ranged from 0.450 to 0.630 

(Mathes et al., 2016). Istation has also shown strong correlations (0.73) to ACT Aspire 

and other standardized measures (Cook & Ross, 2020; Mathes et al., 2016; 

Pataraphichayatham & Locke, 2020). 
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MAP Reading 

 The Northwest Evaluation Association’s (NWEA) Measures of Academic 

Progress (MAP) is an untimed, iterative computer-adaptive measure of a student’s 

academic performance (NWEA, 2019). MAP can be administered up to four times per 

year (i.e., fall, winter, spring, optional summer), and each administration takes 

approximately one hour to complete. Reading is one of the four content areas assessed 

with MAP. Each content area is organized into instructional areas and subareas. For MAP 

for Primary Grades, the instructional areas include comprehension, concepts of print, 

phonics, phonological awareness, vocabulary and word structure (NWEA, 2011). For the 

MAP for grades 2 – 5, the instructional areas include Literary Text, Informational Text, 

and Vocabulary, which address the areas of reading comprehension, understanding of 

genres, and vocabulary. With an item bank of over 42,000 items aligned to various 

content standards, NWEA can align its assessment to each state’s standards by selecting 

items from the bank that align with the state’s standards and writing additional questions 

if necessary. This process makes MAP a popular choice for universal screening, as 

evidenced by its presence in all 50 states (NWEA, 2019). 

 MAP assessments are administered online but require a proctor to monitor and 

control the student testing. Students log in to the assessment using a unique testing 

session name and password. Once they have selected their names, the proctor confirms 

their tests, and students begin the assessment. The first time a student takes the MAP 

assessment, the first question defaults to the student’s grade level. Once the student 

responds, the remaining test items are selected based on the student’s responses. MAP 

employs a “rapid guessing” alert that notifies the proctor if a student is moving too 
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quickly through the test to decrease the likelihood of invalid results due to lack of student 

engagement. The proctor can work to re-engage the student and then resume the student’s 

test. The MAP for Primary Grades (K-2) Reading test consists of 54 items while the 

MAP for grade 2 – 5 consists of 40 items (NWEA, 2019).  

 Students’ scores, made available within twenty-four hours, are reported as 

continuous RIT scores that range from 100 to 350. This equal-interval scale aligns 

vertically and continuously across grade levels (NWEA, 2019). RIT scores are a unique 

measurement scale based on the one-parameter Rasch IRT model. The final ability 

estimate (i.e., RIT score) is computed based on the maximum-likelihood algorithm that 

places the student’s score on the RIT scale. The RIT score is associated with a percentile 

ranking that shows how the student performed compared to students from the norming 

group.  

 The reliability of the MAP assessments was established by test-retest and 

marginal reliability. Test-retest reliability for MAP was established through a mix of 

traditional test-retest reliability and alternate forms of reliability due to the adaptive 

nature of the measures. To estimate the test-retest with alternate forms reliability, the 

Pearson correlation was computed for consecutive administrations of the test (e.g., Fall 

2017 to Winter 2017, Winter 2017 to Spring 2018; NWEA, 2019). The reported 

coefficient for grade 2 Reading ranged from 0.847 to 0.867 across the school year, 

indicating that MAP has strong test-retest with alternate forms reliability. Marginal 

reliability was estimated for MAP to evaluate the measures’ internal consistency due to 

the tests' adaptive nature. The marginal reliability for grade 2 Reading was 0.965, 

suggesting that MAP has a high level of internal consistency. 
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 The validity of the MAP assessments was established using content validity, 

concurrent validity, and classification accuracy. To determine the content validity of the 

measures, the test items were aligned to the Common Core State Standards (CCSS), and 

it was found that the items were 94.7% aligned to the CCSS. Concurrent validity was 

established by determining the Pearson correlation coefficient between MAP and state 

tests administered at roughly the same time. The correlation coefficients ranged from 

0.68 to 0.80 for MAP Reading and state tests which fall within the acceptable range as 

determined by the National Center on Response to Intervention. Finally, classification 

accuracy indicates whether the MAP assessments are good predictors of student 

performance on their state tests. According to the MAP Technical Report, MAP showed 

an overall accuracy rate of 83% for reading, which indicates that MAP is a reliable and 

valid predictor of student performance on several state tests (NWEA, 2019).   

Renaissance Star Reading 

 The Star Reading assessment is a 34-item standards-based adaptive test aligned 

with national and state curriculum standards (Renaissance Learning, 2022). The purpose 

of the assessment is to quickly and accurately measure students’ reading skills in five 

domains (i.e., word knowledge and skills, comprehension strategies and constructing 

meaning, analyzing literary text, understanding the author’s craft, and analyzing an 

argument and evaluating text) containing ten skill sets (i.e., vocabulary strategies, 

vocabulary knowledge, reading process skills, constructing meaning, organizational 

structure, literacy elements, genre characteristics, author’s choices, analysis, and 

evaluation; Renaissance Learning, 2022). Each skill set can be broken down into 36 

general and 470 discrete skills (Renaissance Learning, 2022). Using a procedure known 
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as adaptive branching, students are tested on items that uniquely match their instructional 

levels.  

 Star Reading is administered using standard administration procedures to ensure 

consistency and comparability of results. The frequency of the administration of Star 

Reading depends upon the purpose for which it is being used. Typically, schools 

administer the test two to five times a year. Each administration takes an average of fewer 

than 20 minutes to administer. Although there is no time limit on the total testing time, 

there is a 60 – 120 second time limit on test items. Each test item is designed to test a 

specific skill and has undergone a review process to ensure the item meets content 

specifications. The broad range of test items allows Star Reading to be appropriate for 

grades K-12. 

 A student’s performance is reported using several estimates and metrics. The 

Scaled Scores indicate a student’s overall performance and can be compared across the 

year and grade levels. For schools that use the Star Early Literacy assessment, a Unified 

Scale Score was developed as a common scale to report scores on both tests starting in 

2017-2018. Grade Equivalents and Normal Curve Equivalents are also reported. Because 

the Star Reading test adapts to the student’s instructional levels, it can also estimate 

students’ oral reading fluency and instructional reading levels. Students’ growth across 

the year is also reported using a norm-referenced value of student growth called the 

Student Growth Percentiles.  

 The reliability of Star Reading was estimated using generic reliability, split-half 

reliability, and alternate form (i.e., test-retest) reliability. The generic reliability 

coefficients ranged from 0.94 to 0.96, indicating high reliability. Split-half reliability was 
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calculated due to the adaptive nature of the test. Scores were compared for the even- and 

odd-numbered items separately then the correlations between the two sets of scores were 

corrected to the length of the full 34-item test. The split-half reliability estimates ranged 

from 0.94 to 0.96 with an overall reliability coefficient of 0.98, indicating high split-level 

reliability. Alternate reliability estimates were calculated using two different test 

administrations that avoided repeated test items during the second test. The overall 

reliability of the scores ranged from 0.81 to 0.87, with an overall reliability of 0.94 

(Renaissance Learning, 2022). 

 Test validity for Star Reading was determined using construct validity, concurrent 

validity, and predictive validity. Construct validity was estimated by comparing the Star 

Reading test to the Degrees of Reading Power comprehension test. The comparison 

resulted in a 0.96 correlation indicating that the two tests measured the same constructs. 

Confirmatory factor analysis of Star Reading also suggested that the assessment 

measured a single construct as indicated by the comparative fit index, the goodness of fit, 

and normed fit index indices values close to 1. Concurrent and predictive validity were 

investigated by comparing Star Reading to other tests, including state achievement 

measures, curriculum-based measures, and other norm-referenced tests (see Renaissance 

Learning, 2022 for a complete list). The average concurrent validity coefficient was 0.74 

for external measures administered in the spring, with a range of 0.72 to 0.80 within each 

grade. The average predictive validity value was 0.71 for external measures administered 

in fall and spring, ranging from 0.69 to 0.72 in grades 1 – 6. When calculating the 

concurrent and predictive validity coefficients between Star Reading and state 

achievement tests, the average concurrent validity coefficient was 0.73, and the average 
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predictive validity coefficient was 0.68. Overall, Star Reading is reported to have strong 

reliability and validity as a measure of reading comprehension (Renaissance Learning, 

2022). 

ACT Aspire 

 The ACT Aspire Summative Assessment program (ACT, 2020) is the state 

achievement test given to all students in Arkansas beginning in the third grade. The 

assessment aims to measure achievement and growth toward college and career readiness 

standards and includes reporting categories that align with state standards. The reporting 

categories provide detailed information regarding student performance on key skills. This 

actionable information can then be used for instructional planning, evaluating program 

effectiveness, comparing student performance to national norms, and determining a 

student’s progress toward being prepared for high school coursework. The pass rate for 

3rd grade in the 2018-2019 school year was 43% (ACT, Inc., 2019). 

 Student performance is aligned with performance-level descriptors (PLDs), which 

are descriptions of student performance within and across grade levels. These PLDs are 

organized into Level 1 - In Need of Support, Level 2 - Close, Level 3 - Ready, and Level 

4 - Exceeding. Grade level benchmark cut scores for the Ready category were derived by 

working backward from the ACT College and Career Readiness scores. The ACT Aspire 

scores are vertically linked across the grade levels within each subject. 

 The ACT Aspire test uses a variety of question formats. The assessment contains 

selected-response items, constructed-response items, and technology-enhanced items 

when administered on the computer. Selected-response items require the test taker to 

select one correct response from the choices given. For constructed-response items, 
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students are instructed to generate a response to the question or prompt by typing into a 

text box. The technology-enhanced items use various computer features to present 

questions or scenarios in ways that are difficult to do with the traditional paper format. 

Student responses may include constructed responses or choosing the correct answer. 

ACT Aspire replaces technology-enhanced items with selected-response questions for the 

optional paper testing format. Questions align to Webb’s Depth of Knowledge levels to 

ensure cognitive complexity. 

 The English Language Arts (ELA) test consists of reading, writing, and English 

subtests. Scores on the subtests combine to create a composite score for ELA. For the 

English test, students make revisions and editorial decisions within the context of short 

passages. The purpose of this subtest is to demonstrate an understanding of writing 

conventions and strategies while also maintaining style and voice. The reporting 

categories for this subtest include writing production, writing knowledge, and 

conventions of standard English. Test items include a variety of texts (e.g., essays, 

paragraphs, sentences) and different genres. Text length and topic are chosen based on 

grade-level appropriateness.  

 The raw score reliability reported for third grade reading was 0.85-0.87 

(Patarapichayatham & Locke, 2020). The scale score reliability and standard error of 

measurement (SEM) were 0.82 – 0.84. ACT Aspire has been reported to correlate with 

the Partnership for Assessment of Readiness for College and Careers (PARCC) and the 

ACT test, with a correlation of 0.80 for third grade. 
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Procedures 

 This study examined extant data collected from students enrolled in second grade 

in the spring of 2018 and third grade in the spring of 2019. One of the three computer-

adaptive universal screening measures was administered to each second grader in the 

spring of 2018. The state achievement test was administered in the spring of 2019. The 

computer-adaptive universal screening measures and the state achievement measure were 

administered by school staff following district protocols. No fidelity data are available for 

the measures; however, computer-adaptive tests are designed to reduce variability due to 

test administration (Shapiro & Gebhardt, 2012).  

Data Analysis 

 For question 1, to establish the strength of the relationship between each 

computer-adaptive universal screener and the ACT Aspire, Pearson correlations were 

calculated using SPSS Version 28. Correlations are a common first step in diagnostic 

accuracy research to establish the predictive relationship between a screener and an 

outcome measure (Ball & O’Connor, 2016; Kent et al., 2019; McComas et al., 2015; 

Sutter et al., 2020; Thomas & January, 2021). In addition to correlations, separate logistic 

regression models were run for each individual predictor to calculate the statistical 

significance of each screener and the amount of variance accounted for by each screener 

using the pseudo-R2 indices. Model fit was also computed. For this analysis, each 

predictor was entered as a continuous variable and performance on the outcome measure 

was dichotomized with 0 = no risk and 1 = at risk. 

 For question 2, to statistically compare the performance of the three computer-

adaptive measures, ROC curves were constructed and the AUC for each measure 
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compared using the approach of Hanley and McNeil (1982). This comparison tests the 

significance of the difference between the areas that lie under the curve for ROC curves 

derived from independent samples. This type of statistical analysis is common in medical 

research, but is rare in diagnostic accuracy research in education (DeLong et al., 1988; 

Hajian-Tilaki, 2013; Hanley & McNeil, 1983; Zou et al., 2007). In fact, only Catts et al., 

(2015) included the comparison of the areas under the curve for screening measures in 

their study of universal screening and progress monitoring for early identification of 

reading disabilities in kindergarten. 

 Although overall classification accuracy is essential for universal screeners, 

universal screening aims to maximize the identification of at-risk students to provide 

intervention promptly. Therefore, to address question 3, we compared a series of 

diagnostic accuracy metrics for three cut scores determined by a) the 40th percentile, b) 

when a sensitivity threshold of .90 was set for each of the measures, and c) when both 

sensitivity and specificity was maximized using ROC curves. As stated previously, ROC 

curve analysis is a common practice in diagnostic accuracy research and has been found 

to produce stronger results than other approaches such as discriminant analysis and 

equipercentile analysis (Silberglitt & Hintze, 2005). Therefore, ROC curves were used to 

establish cut scores based on earlier described criteria and calculate the resulting 

diagnostic accuracy metrics of sensitivity, specificity, positive predictive power, negative 

predictive power, and overall classification rate.  
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CHAPTER IV: RESULTS 

Preliminary analyses consisted of descriptive statistics, including means, standard 

deviations, range, skewness, and kurtosis for each universal screener and the outcome 

measure. Descriptive statistics are presented in Table 3. The values of skewness and 

kurtosis were within the normal range. Sample size varied across screeners from 4,852 

students for Istation to 6,030 for Star Reading, to 12,410 for MAP. Average performance 

on the ACT Aspire ranged from 417.4 for the sample of participants who completed the 

Star Reading to 417.5 for the sample of participants who completed the Istation to 418.0 

for the sample of participants who completed the MAP. Performance on the ACT Aspire 

ranged from 405 to 435 across the three samples. 

 
 
Table 3 
 
Descriptive Statistics for ACT Aspire and Each Universal Screener 
 
Measure n M SD Minimum Maximum Skewness Kurtosis 

ACT Aspire 23292 417.75 5.47 405 435 .107 -.506 
IStation 4852 237.70 18.05 151.13 341.89 -.239 .844 
MAP 12410 188.09 15.13 118 232 -.463 .216 
Star 
Reading 6030 461.48 131.99 52 920 -.850 .528 

Note: The mean (M) of each measure is reported on the scale unique to that measure. 
 
 
Predictive Validity 

 Research question 1 addressed the predictive validity for each of the universal 

screening instruments. This was initially achieved by exploring the strength of the 

relationship between performance on each of the universal screening instruments and 
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scores on the ACT aspire. To examine the strength of the relationship between each 

screener and the outcome measure, Pearson’s correlations were calculated. Table 4 

displays the correlational results for each computer-adaptive universal screener and the 

statewide achievement test. Each computer-adaptive universal screener was significantly 

correlated to the statewide achievement test (p = .01). Yet, the correlation for Star 

Reading was considerably lower than the correlation between Star Reading at the 

beginning of grade 3 and the ACT Aspire (r = .84) as reported by Renaissance Learning 

(2017). Istation’s correlation was slightly higher than the correlation between Istation and 

the ACT Aspire (r = .71) as reported by Patarapichayatham and Locke (2020). MAP’s 

correlation was slightly below the correlation between MAP scores at the beginning of 

grade 3 and the ACT Aspire as reported by the NWEA Technical Report (NWEA, 2020). 

 
 
Table 4 
 
Correlations between ACT Aspire and Computer-adaptive Universal Screeners 
 
 ACT Aspire 
Istation .781** 
MAP .769** 
Star Reading .537** 

Note: **Correlation is significant at the 0.01 level (two-tailed). 
 
 
 

To further address research question 1, binary logistic regression analyses were 

conducted for each universal screener to determine if each universal screener was a 

significant predictor of performance on the ACT Aspire and to approximate the amount 

of variance accounted for by each screener. For the logistic regression analyses, 

performance on the ACT Aspire served as the outcome measure. It was coded as a 0 for 
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achieving a passing score on the ACT Aspire and as a 1 for receiving a score that was 

deemed as not passing based on performance criteria published by ACT. 

As can be seen in Table 5, results show that all universal screeners were 

significant predictors of pass/fail on the ACT Aspire. The Istation (c2 = 2582.47, p = 

.000) explained approximately 55.4% of the variance in the ACT Aspire, with the 

predictor accurately classifying 80% of cases. Nagelkerke is considered to be pseudo-R2 

values. The MAP (c2 = 6474.40, p = .000) explained approximately 54.3% of the 

variance in the ACT Aspire and accurately classified 79% of cases. Finally, Star Reading 

(c2 = 1244.24, p < .001) explained approximately 25.2% of variance and classified 70% 

of cases accurately. All models were a good fit for the data as indicated by the Chi-square 

tests. 

 
 
Table 5 
 
Results of Logistic Regression Analysis for Each Screener 
 

Screener ß Standard 
Error Wald p Nagelkerke 

R2 CA SE SP 

Istation -.142 .004 1128.61 <.001 .554 .80 .82 .78 
MAP -.154 .003 3050.97 .000 .543 .79 .81 .77 
Star 
Reading -.009 .000 852.30 <.001 .251 .70 .74 .65 

Note. CA = classification accuracy; SE = sensitivity; SP = specificity 
 
 
 
Diagnostic Accuracy 

 To answer research question two, we calculated diagnostic accuracy metrics for 

each computer-adaptive universal screener administered in the spring of Grade 2. First, 
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ROC curve analyses were conducted for each screener to calculate the area under the 

curve (AUC). Table 6 shows the AUC value, standard error, and 95% confidence interval 

for each universal screener.  

 
Table 6 
 
Area Under the Curve by Universal Screener 
 
   95% Confidence Interval 
Measure Area Under the 

Curve 
Standard 
Error 

Lower 
Bound 

Upper Bound 

Istation .885 .005 .876 .894 
MAP  .881 .003 .875 .887 
Star Reading .760 .006 .748 .772 

 
 
 

Using the method for comparing AUCs for independent samples outlined by 

Hanley and O’Neill (1982), each pair of computer-adaptive universal screeners’ AUC 

values was compared for statistically significant differences between the screeners. A 

critical ratio z is calculated between the two AUC values, and a value greater than 1.65 is 

considered significant for a one-tailed comparison (Catts et al., 2015). The difference 

between the AUC for Istation and STAR was statistically significant (z = 16.31, p < .00). 

The difference between the AUC values for MAP and Star Reading was also statistically 

significant (z = -19.34, p < .00). However, the AUC values for Istation and MAP were 

not statistically significantly different from one another (z = 0.80, p = .21). These 

findings indicate that Istation and MAP were more accurate predictors of passing the 

ACT Aspire than the Star Reading test, yet do not reliably differ from one another. Figure 

1 shows the ROC curves of each universal screener. Appendix A contains Figures A1, 

A2, and A3 which show the individual ROC curves for each universal screener. 
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Figure 1 
 
Comparison of the ROC Curves for the Three Universal Screeners 

 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 

 
 
 

To address the third research question, ROC curve analyses were conducted, 

followed by a series of crosstabulations to calculate the common diagnostic accuracy 

statistics of sensitivity, specificity, positive predictive power, and negative predictive 

power. The results are grouped by the selection process used to establish cut scores for 

risk on each of the three universal screening instruments. For the first set of analyses, a 

cut score of risk was set based on performing at the 40th percentile on each of the 

universal screening instruments. For the second set of analyses, sensitivity was set to .90 

 MAP 

 Istation 

 Star Reading 
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and the corresponding cut score was used for each of the universal screeners. In the final 

set of analyses, a cut score was obtained that maximized sensitivity and specificity for 

each of the universal screeners. Specificity and sensitivity values ≥ .90 are considered to 

be excellent, while values ≥ .80 are considered to be good. Values ≥ .70 are considered to 

be acceptable while values below .70 are considered to be unacceptable (Catts et al., 

2009; Compton et al., 2006: Jenkins, 2003). 

Cut Score Associated with the 40th Percentile 

Identifying a cut score associated with a predetermined percentile is a common 

approach to educational decision-making used in schools (Ochs et al., 2020). The 40th 

percentile was chosen based on previous research and recommendations from test 

developers (Clemens et al., 2015; Ochs et al., 2020). Table 7 reports the results of these 

analyses. See Appendix B for Tables B1, B2, and B3 for the resulting contingency 

matrices. When calculating the diagnostic accuracy statistics associated with the 40th 

percentile for each computer-adaptive universal screener, none of the screeners met the 

optimal sensitivity threshold of .90. Istation (cut score = 230) had the lowest sensitivity at 

the 40th percentile, with only 49% of students who were identified as being at-risk on the 

screener later failing the statewide achievement test. The sensitivity for Star Reading (cut 

score = 467) was slightly stronger at .58, meaning that 58% of students who failed the 

statewide achievement test were accurately identified as being at-risk by the universal 

screener. MAP (cut score = 185) had the highest level of sensitivity with 62% of students 

who failed the statewide achievement test having been identified in Grade 2 as being at-

risk. The cut scores associated with the 40th percentile for all measures resulted in a high 

number of false negatives, students who were categorized as not at-risk who later failed 
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the statewide achievement measure. Also, adopting a cut score that represented the 40th 

percentile, resulted in hit rates, or percentage of cases accurately classified, ranging from 

66% to 76% across the three universal screening instruments. 

 Despite the low sensitivity values, all three computer-adaptive universal screeners 

met the minimum standard of .70 for specificity. Specificity refers to the proportion of 

students who were not at-risk based on their performance on the screener who went on to 

pass the statewide achievement test out of the total number of students who passed the 

state test. For example, Istation and MAP had specificity values above .90, which is 

considered in the excellent range. In addition, the specificity of Star Reading (.78) was 

within the acceptable range. The adoption of cut sores representing performance at the 

40th percentile on each of the universal screening instruments resulted in higher positive 

predictive power but lower levels of negative predictive power. Positive predictive power 

is the probability that students identified as at risk on the screener also failed the 

statewide achievement test. Negative predictive power is the probability that students 

identified as not at risk on the screener will pass the statewide achievement test. Istation 

had a positive predictive power, of .94. which means a student who is identified as at-risk 

on the screener has a 94% probability of failing the statewide achievement test. MAP had 

a positive predictive power of .90, which is considered excellent. Also, the positive 

predictive power of Star Reading fell into the acceptable range (.78). In contrast, the 

negative predictive power, fell into the unacceptable (<.70) range for all screeners. 

Unlike sensitivity and specificity, positive and negative predictive power are impacted by 

the prevalence rate of failure in the sample (i.e., not passing the ACT Aspire), which was  

> 50% for all three samples. 
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Table 7 
 
Diagnostic Accuracy for Each Screener by Analysis 
 
Measure and 
Analysis Cut Score Sensitivity Specificity PPP NPP OCC 

40th Percentile       

 Istation 230 .49 .96 .94 .58 .69 

 MAP 185 .62 .92 .90 .68 .76 

 Star Reading 467 .58 .78 .78 .57 .66 

.90 Sensitivity       

 Istation 245.3 .90 .65 .77 .83 .79 

 MAP 195.5 .90 .62 .74 .85 .78 

 Star Reading 554.5 .90 .45 .69 .76 .71 

Max SE and SP       

 Istation 243.4 .86 .70 .80 .79 .85 

 MAP 193.5 .87 .70 .77 .83 .79 

 Star Reading 490.5 .67 .70 .76 .61 .68 

Note. SE = sensitivity; SP = specificity; PPP = Positive predictive power, NPP = Negative predictive power, OCC = Overall Correct 
Classification 
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Cut Score Associated with Sensitivity Set to .90 

 Setting sensitivity at .90 resulted in decreased specificity and positive predictive 

power, but higher negative predictive power for all screeners. Table 7 displays the results. 

See Appendix C for Tables C1, C2, and C3 for the resulting contingency matrices  

When the sensitivity was set at .90, specificity values fell below the acceptable 

range for all three screeners (range = .45 to .65). This level of sensitivity is desirable for 

accurately identifying nine out of ten students who are truly at-risk for failure on the state 

achievement test. Istation (cut score = 245.3) had a specificity value of .65, the highest of 

the three measures, but below the acceptable level for diagnostic accuracy. MAP (cut 

score = 195.5) had a specificity value of .62, and the Star Reading (cut score = 554.5) test 

had the lowest specificity value at .45. When the sensitivity is set at .90, all three 

measures had higher numbers of false positives, which can result in students who are 

truly not at risk being given unnecessary interventions which can strain a school’s 

resources. 

Setting the specificity at .90 decreased positive predictive power but increased 

negative predictive power. Although positive predictive power, decreased, it remained 

within the acceptable range for both Istation (.77) and MAP (.74) but fell within the 

unacceptable range for Star Reading (.69). These results show that students identified as 

at risk on the screener have approximately a three out of four chance of failing the 

statewide achievement test. While positive predictive power, decreased somewhat, the 

negative predictive power increased with all values being within the acceptable or good 

ranges. MAP had the highest level of negative predictive power, (.85). Istation had a 

negative predictive power of .83, and Star Reading had a negative predictive power of 
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.76. These values indicate that when sensitivity is set at .90, there is a higher probability 

that a student who is not at risk on the screener will pass the statewide achievement test. 

Cut Score Associated with Maximized Sensitivity and Specificity 

 To maximize both sensitivity and specificity, a cut score was identified using .80 

for sensitivity and .70 for specificity as suggested by Kilgus and colleagues in their 2014 

meta-analysis on the diagnostic accuracy of universal screeners. Ochs and her colleagues 

(2020) also used ROC curves to identify cut scores that maximized sensitivity and 

specificity with a minimum specificity of .70. Table 7 displays the results of the analyses. 

See Appendix D for Tables D1, D2, and D3 for the resulting contingency matrices 

 The cut scores associated with maximized sensitivity and specificity resulted in 

overall correct classification rate statistics between .68 and .85. MAP (cut score = 193.5) 

had the highest levels of sensitivity (.87) and specificity (.70). Istation (cut score = 243.5) 

had the highest hit rate (.85) while maintaining an acceptable level of sensitivity (.86) and 

an acceptable level of SP (.70). Star Reading (cut score = 490.5) had an acceptable level 

of specificity (.70) but failed to reach an acceptable level of sensitivity (.67). Sensitivity 

levels above .67 were associated with levels of specificity below .70. 

 For all three computer-adaptive universal screeners, maximized sensitivity and 

specificity resulted in adequate levels of positive predictive power, but varying levels of 

negative predictive power. Istation had the highest level of positive predictive power 

(.80) with an acceptable level of negative predictive power (.79). MAP had a positive 

predictive power of .77, and had the highest level of negative predictive power (.83). Star 

Reading had the lowest levels of positive predictive power (.76) and negative predictive 

power (.61).   
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CHAPTER V: DISCUSSION 

 Universal screening is the first step in identifying students who may be at-risk for 

not achieving reading proficiency as measured by statewide achievement tests (Klingbeil 

et al., 2015). In order for accurate and valid decisions to be made, universal screeners 

must be efficient and technically accurate. The purpose of this study was to compare the 

diagnostic accuracy of three computer-adaptive universal screeners for predicting 

performance on a statewide achievement test. To date, no published studies have 

compared the predictive validity and diagnostic accuracy of three computer-adaptive 

screeners to one another. Overall, the findings support the use of computer-adaptive 

universal screeners as strong predictors of statewide measures of reading. However, the 

results of this study point out a number of relevant findings regarding the setting of cut 

scores and the subsequent impact on the accuracy of universal screeners. 

Predictive Utility of Computer-Adaptive Universal Screeners  

 Each of the computer-adaptive universal screeners was found to be a strong 

predictor of the statewide achievement test, ACT Aspire. This finding supports previous 

research that has demonstrated the strength of relationship between one or more of these 

computer-adaptive screeners and various statewide achievement tests (Ball & O’Connor, 

2016; Clemens et al., 2015; Klingbeil et al., 2018; Ochs et al., 2020; Thomas & January, 

2021; Van Norman et al., 2017). When compared to one another, Istation and MAP had 

stronger correlations to the ACT Aspire than Star Reading.  

Computer-adaptive screeners offer schools an alternative to the traditional 

curriculum-base measures such as oral reading fluency that are commonly used for 

universal screening. They also offer an approach to screening all students that can limit 
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the amount of time necessary for test administration and scoring while expanding the 

domains of skills that can be assessed within a single administration. The efficiency of 

computer-adaptive screeners as well as their strong relationships to performance on 

statewide achievement measures have prompted the increased attention they have 

received in the research literature. 

Accuracy of Screening Measures 

 However, knowing that universal screeners are predictive of statewide 

achievement tests may be necessary, but it is also insufficient. Universal screeners must 

also be accurate predictors of a gold standard outcome measure. In this study, the ability 

of these assessments to predict pass or fail on a statewide achievement test was adopted 

as the criterion. The area under the curve is considered to be a statistic of overall 

classification accuracy with values greater than .80 considered to be good (Catts et al., 

2009). Istation and MAP met this standard while Star Reading fell below it. Unlike 

previous literature on diagnostic accuracy, we analyzed the differences between areas 

under the curves for significance. We found that although Istation and MAP were not 

reliably different from one another, they both were significantly different from Star 

Reading. This finding would indicate that Istation and MAP were more accurate 

classifiers of students’ pass/fail performance on the ACT Aspire.  

This study has also highlighted that despite strong predictive validity, computer 

adaptive screeners have varying degrees of accuracy that often fail to meet the 

recommended levels of sensitivity and specificity, another finding supported in the 

research literature (Clemens et al., 2015; Kent et al., 2019; Klingbeil et al., 2015; 

Klingbeil, et al., 2018; Thomas & January, 2021). When using a cut score associated with 
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a common school approach to setting cut scores for risk, namely the 40th percentile, none 

of the screeners met the .90 standard for sensitivity. Practically speaking, these screeners 

would correctly identify only five to six out of every ten students at risk for failure on the 

ACT Aspire. However, with the cut score at the 40th percentile, Istation and MAP had 

excellent specificity which means that nine out of ten students who are not at risk would 

be accurately identified. For Star Reading, approximately eight out of ten students not at 

risk would be accurately identified. These results show that cut scores set to the 40th 

percentile on these measures may fail to identify almost half of students in need of 

intervention support who are on a trajectory to fail the state test. 

When sensitivity was set to .90, a standard suggested in the literature by others 

that ensures that nine of out ten students who are at risk are accurately identified, the 

overall accuracy of each measure increased to above 70%, but the specificity dropped 

below acceptable levels. The cut scores associated with the sensitivity level of .90 would 

allow 90% of students who were truly at risk for failure on the ACT Aspire to be 

identified accurately. Yet, more students who are not at risk may be inaccurately 

identified as being at risk which can result in available school resources being deployed 

unnecessarily.  

When sensitivity and specificity were maximized, the highest overall correct 

classification rate of 85% was achieved for all analyses. Istation maintained a sensitivity 

level of .86 while also holding specificity to .70, the recommended acceptable level while 

accurately identifying 85% of students in the sample. MAP also resulted in its highest hit 

rate of 79% while maintaining a sensitivity level of .87 and a specificity level of .70. 

Only Star Reading did not achieve an acceptable rate of sensitivity when sensitivity and 
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specificity were maximized. It also had a hit rate that was lower than the hit rate when 

sensitivity was set to .90. These results indicate that the method for choosing cut scores 

may depend on the test being used and the population for whom the test is administered. 

In our study, maximizing sensitivity and specificity was the best approach for identifying 

cut scores with appropriate levels of accuracy for two of the three measures.  

Sensitivity and specificity are traditionally believed to be aspects of the tests 

themselves. However, more recent consensus from the medical field suggests that these 

indices are not fixed properties of the measures (Bossuyt et al., 2015). Instead, these 

indices may vary across setting, context, and sample which could account for why 

different methods for establishing cut scores were found to be the better approach for the 

different computer-adaptive universal screeners. 

The positive predictive power and negative predictive power are sample-based 

indices that some argue, should be more closely considered when choosing a universal 

screener or making decisions with its data (Trevathan, 2017). The current results showed 

that when sensitivity was high, then negative predictive power was also high. When 

sensitivity was low, as demonstrated by the results of the cut scores set at the 40th 

percentile, positive predictive power was high. For Istation and MAP, all values were 

acceptable when sensitivity and specificity were maximized. Star Reading did not 

achieve the same results.  

One possible explanation for the differences in diagnostic accuracy and the ways 

cut scores are set could lie in the design and content of each measure. Istation and MAP 

have a suite of assessments designed to assess skills across a wide range of grade levels, 

including early literacy skills. Star Reading focuses solely on the higher order reading 
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skills of vocabulary, comprehension, and literacy elements and characteristics that align 

to state and national curriculum standards. It is possible that Istation and MAP are more 

accurate predictors because they are able to assess a wider range of reading skills that 

allows a more accurate prediction of performance on the state test.  

Practically, Istation and MAP demonstrated adequate diagnostic accuracy despite 

failing to meet the recommended sensitivity level of .90. Although all three computer-

adaptive universal screeners were strong predictors of the ACT Aspire, they 

demonstrated differences in accuracy, an important aspect of screeners to be considered. 

The three different cut scores for each screener resulted in varying degrees of accuracy. 

Therefore, schools should carefully consider both the benefits and drawbacks of the 

screener, including the accuracy of the results. 

Implications 

 In addition to the predictive validity and diagnostic accuracy of the computer-

adaptive universal screeners, the findings of this study provide implications for 

practioners seeking to enhance the effectiveness universal screening within RTI. The 

primary goal of RTI is to change the trajectories of students who are identified as being 

at-risk for future reading problems (Kent et al., 2019). Yet, so often schools’ available 

resources to intervene appropriately are limited. Therefore, having a universal screener 

that is accurate is of utmost importance. 

A direct route approach to screening involves using a single screener on which to 

base decisions about supports. When using a direct route approach, schools must 

carefully select a universal screener. Diagnostic accuracy statistics can support schools in 

choosing an appropriate screener. Only when sensitivity and specificity were maximized 
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would Istation and MAP be close to acceptable for use in a direct route approach to 

universal screening with sensitivity levels slightly below .90 and specificity levels of .70. 

Based on the criteria set by the National Center for Intensive Intervention (n.d.), both 

screeners show partially convincing evidence for adequacy as single universal screening 

measures. Star Reading failed to achieve acceptable levels of both sensitivity and 

specificity with any of the three analyses in this study.  

Decision makers must consider the practical utility when choosing a universal 

screener and balance their needs with the trade-offs (Petscher et al., 2011). Catts et al. 

(2015) argues that the goal of RTI is to identify and intervene for as many students as 

possible. Vaughn and Fletcher (2020) agreed with the notion that overidentification is 

preferable to under-identification because of the potential repercussions for students who 

fail to get the intervention vital to their success as readers. For this to happen, a 

sensitivity level of .90 is necessary. However, a high level of sensitivity results in more 

false positives that can stretch the already limited resources of some schools. According 

to the results of this study, maximizing both sensitivity and specificity can lead to more 

accurate classifications overall, but with lower levels of sensitivity and specificity. 

Establishing a local cut score that allows for high sensitivity and acceptable specificity 

could be a more agreeable first step for most schools. 

Another approach schools might consider is using multiple measures for universal 

screening or including additional sources of data. Although this study focused on the use 

of single universal screeners administered to independent groups, other studies have 

evaluated a screening approach that uses multiple screening measures to reduce the 

number of false positives from a single screener or includes additional information such 
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as previous year’s test scores. Klingbeil and colleagues (2015) found that using multiple 

assessments including oral reading fluency led to more accurate decision-making, a 

finding also supported by Compton et al. (2006) and Johnson et al. (2010). Ball and 

O’Connor (2016) found that multi-screener approaches demonstrated strong accuracy 

over any single measure. Van Norman and his colleagues (2017) found that adding the 

previous year’s test scores to MAP scores resulted in better predictions of state test 

performance. The benefits of more accurate identification must be considered against the 

instructional time needed to administer multiple measures. Including already available 

information is one way to increase the accuracy of a single screener without increasing 

the amount of time needed for more assessments.  

A gated approach to screening is an alternative to administering multiple 

assessments to each student in a single administration and uses a multilevel, diagnostic 

framework towards screening. In this approach, the initial screener cut score is set to 

identify as many students who are at-risk for failure on the state test as possible. For these 

purposes, the recommended sensitivity level of .90 would be appropriate. Then, only 

students who are identified as being at-risk are administered additional assessments to 

further distinguish between true positives and false positives. These additional measures 

should increase in intensity and accuracy to increase the accuracy of the screening 

(Walker et al., 2014). VanMeveren and her colleagues (2020) found that the diagnostic 

accuracy of universal screening was improved when including the previous year’s test 

scores for fourth- and fifth-graders and administering an oral reading fluency measure to 

students who were identified as at-risk on MAP. Gated approaches offer an alternative to 

relying solely on a single measure. However, further research is needed to identify how to 
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increase the diagnostic accuracy of a universal screening approach that minimizes the 

resources necessary from administration and the amount of time necessary for testing. 

Limitations and Future Directions 

 Despite the moderate to strong evidence supporting the diagnostic accuracy of 

computer-adaptive screeners, we note the following limitations with this study. First, the 

data originated from a single state which limits the generalizability of the findings. 

Although the analytic sample closely mirrored the state population of students in second 

grade in the 2017-2018, consideration should be given to the characteristics of the 

students when attempting to generalize the results. As discussed previously, diagnostic 

accuracy metrics are dependent on the setting, context, and sample on which the analyses 

are conducted. Although the demographics of the analytic sample in this study were 

comparable across the universal screener measures, the generalizability of the findings is 

restricted.  

 The findings of this study are also limited by the uneven sample sizes across the 

three computer-adaptive tests. For example, the analytic sample for Star Reading had a 

much lower percentage of limited English proficient students (3.7%) compared to MAP 

(14%). However, having a lower number of students for whom English is not a first 

language would typically result in stronger results, but that was not the case in this study. 

Star Reading did have a higher percentage of students on free or reduced lunch (70.6%) 

as compared to MAP (59.0%) and Istation (65.1%). Free or reduced lunch status has been 

shown to impact student achievement and therefore could account for the performance of 

Star Reading in this study. Star Reading also had more schools that scored in the D and F 

category for school ratings (27.4%) then Istation (5.9%). The context in which the Star 
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Reading assessment is being administered could account for the results reported in this 

study. Future research that accounts for school and student demographic characteristics 

could address the limitations of this study. 

Another limitation is the number of students who were dropped from the analytic 

sample due to missing screener or ACT Aspire scores. Without the test scores, it is not 

possible to know how the sample sizes for each screener may have been impacted by the 

exclusion of those students.  

This study is also limited by the focus on predicting student achievement 

outcomes in grade 3 and is therefore not generalizable to other grades. It is possible that 

Istation and MAP showed better predictive capability because of their inclusion of print 

skills such as phonemic awareness and decoding which are more predictive at grade 3 

whereas Star Reading assessed higher-order comprehension skills. Research has shown 

that as students move through higher grades, the influence of decoding on reading 

comprehension decreases (Language and Reading Research Consortium, 2015). The 

influences that are most predictive of reading comprehension shift across the grades and 

may impact the predictive abilities of the measures. Therefore, the findings from this 

study are constrained to the grade levels included. 

Another limitation of this study is the elapsed time between the universal 

screening assessment in the spring of second grade and the state reading assessment 

administered in the spring of third grade which could introduce confounding variables 

such as the impact of possible summer reading loss and student transition between 

schools. Efforts were made to ensure students could be tracked across schools, especially 

for those students who attended a different school for third grade in order to retain them 
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in the analytic sample. However, bridging from one school year to the next school year 

resulted in some students being dropped from the analytic sample due to incomplete data. 

However, the time elapsed is also a strength in that this study shows that risk can be 

identified early so that intervention can start before students must take the state test. 

 Despite the statewide achievement test used in the study, the ACT Aspire, being a 

nationally normed and available test, the results are limited to the universal screeners’ 

accuracy in relation to performance on this measure. Still, this study does extend the 

literature by using a measure that is not necessarily limited to a single state as most state 

achievement tests are designed around a single state’s curriculum standards. Moreover, 

the ACT Aspire is used in multiple states. 

 Finally, our data set did not include information regarding the instruction or 

intervention students received between the test administrations. Within a MTSS 

framework, students classified as at risk would have received intervention in addition to 

classroom instruction. It is possible that false positives were due to intervention being 

implemented between the screener and state test. However, this information was beyond 

the scope of our extant data. Additionally, the results observed for all three screeners 

seem to indicate that the instruction and intervention may not be adequately meeting the 

needs of students who are identified as being at risk. If the instruction and intervention 

were appropriate, then we would expect to have seen more false positives, meaning 

students were identified as at risk on the screener in grade 2, but went on to pass the state 

test in grade 3. The context of RTI can and should impact the diagnostic accuracy of the 

universal screeners. 
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 Additional research is needed to replicate and extend these finding to other 

computer-adaptive universal screeners and corresponding state tests. Future research 

should include the impact of student and school characteristics on the diagnostic accuracy 

of computer-adaptive measures since the context and setting impact the accuracy metrics 

examined. Few studies were found that included student characteristics in their analyses 

of the diagnostic accuracy of universal screeners. Understanding how school 

characteristics such as overall performance as indicated by letter grade designations or 

free and reduced lunch rate and student characteristics such as special education 

designation or economically disadvantaged status impact the diagnostic accuracy of a 

universal screener can lead to better decision making about criteria being set. It can also 

support the evaluation of the effectiveness of the instruction and intervention being 

provided to students.  

Also, continued research that seeks to enhance the balance of sensitivity, 

specificity, positive predictive power, negative predictive power, and overall accuracy is 

needed. Research should explore earlier grade levels in which risk can be accurately 

identified to allow more time to intervene and change the trajectories of students with the 

ultimate goal being student success. Finally, research should establish ways for local 

schools and districts to determine the diagnostic accuracy of their universal screeners that 

do not involve complicated statistical analyses to which they may not have access. 

Creating the contingency matrices such as those contained in Appendices B, C, and D can 

be a beginning point for this work. 
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Conclusions 

 In conclusion, computer-adaptive screeners have demonstrated strong predictive 

validity with varying degrees of diagnostic accuracy. These results indicate that 

establishing local cut scores that maximize the accurate identification of students who are 

at-risk produce more accurate results than following the recommended national cut score. 

It is also critical that educators become informed practioners on how to use data for 

planning instruction and intervention. With the crucial decisions being made based on the 

outcomes of universal screeners, it is important that the tools being used provide the most 

accurate results. 
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APPENDIX A 

ROC Curves for Individual Screeners 

Figure A1  

ROC Curve for Istation 

 

Figure A2  

ROC Curve for MAP 
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Figure A3  

ROC Curve for Star Reading 
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APPENDIX B 

Contingency Matrices for Cut Score Associated with 40th Percentile 

Table B1 

Contingency Matrix for Cut Score Cut Score Associated with 40th Percentile for Istation 

 ACT Aspire 
 Fail Pass 

Fail 1356 81 
Pass 1433 1982 

 

Table B2 

Contingency Matrix for Cut Score Cut Score Associated with 40th Percentile for MAP 

 ACT Aspire 
 Fail Pass 

Fail 4167 470 
Pass 2512 5261 

 

Table B3 

Contingency Matrix for Cut Score Cut Score Associated with 40th Percentile for Star 

Reading 

 ACT Aspire 
 Fail Pass 

Fail 2020 563 
Pass 1470 1977 
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APPENDIX C 

Contingency Matrices for Cut Score Associated with .90 Sensitivity 

Table C1 

Contingency Matrix for Cut Score Associated with .90 Sensitivity for Istation 

 ACT Aspire 
 Fail Pass 

Fail 2509 733 
Pass 280 1330 

 

Table C2 

Contingency Matrix for Cut Score Associated with .90 Sensitivity for MAP 

 ACT Aspire 
 Fail Pass 

Fail 6070 2160 
Pass 609 3571 

 

Table C3 

Contingency Matrix for Cut Score Associated with .90 Sensitivity for Star Reading 

 ACT Aspire 
 Fail Pass 

Fail 3140 1404 
Pass 350 1136 
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APPENDIX D 

Contingency Matrices for Cut Score Associated with Maximized Sensitivity (SE) and 

Specificity (SP) 

Table D1 

Contingency Matrix for Cut Score Associated with Maximized SE and SP for Istation 

 ACT Aspire 
 Fail Pass 

Fail 2408 617 
Pass 381 1446 

 

Table D2 

Contingency Matrix for Cut Score Associated with Maximized SE and SP for MAP 

 ACT Aspire 
 Fail Pass 

Fail 5832 1742 
Pass 847 3989 

 

Table D3 

Contingency Matrix for Cut Score Associated with Maximized SE and SP for Star 

Reading 

 ACT Aspire 
 Fail Pass 

Fail 2325 755 
Pass 1165 1785 

 

 


