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Abstract

This study examined the predictive validity and classification accuracy of individual- and group-administered screening
measures relative to student performance on a year-end state reading assessment in two states. A sample of 32| students
was assessed in the areas of word-level and text fluency, as well as reading comprehension in the fall of fourth grade.
For individual measures, a group-administered reading comprehension test exhibited the highest classification accuracy
(74%—80%) for both outcomes though no screener demonstrated optimal sensitivity and specificity levels. Using a
multivariate approach, logistic regression results revealed minimal to no increase in classification accuracy over the single
comprehension measure. Receiver operating characteristic (ROC) curve analyses determined local cut scores to maintain
sensitivity constant at .90, which resulted in a large number of false positives. The implications and limitations of these

findings for screening at the upper elementary level are discussed.
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At their essence, multitiered systems of support, such as
Response to Intervention (RtI), with a focus on identifying
students in need of support and providing targeted, data-
driven intervention provide a systematic framework
designed to change the trajectory of reading outcomes for
struggling readers at all levels (Johnson, Mellard, Fuchs, &
McKnight, 2006). The foundation of successful implemen-
tation of Rtl for ameliorating and preventing reading diffi-
culties is the accurate and timely identification of students
with or at-risk for reading difficulties that additional instruc-
tion/intervention can be provided (Glover & Albers, 2007).
As such, universal screening processes have become nearly
ubiquitous in schools (Fuchs, Fuchs, & Compton, 2012).
When considering the tools and procedures that are uti-
lized in the universal screening process, it is imperative to
strike a balance between consideration of the diagnostic
accuracy and psychometric characteristics of specific mea-
sures and issues of practicality for schools; that is, the feasi-
bility and efficiency of the administration of universal
screening measures, processes for decision making, and pru-
dent allocation of instructional resources. From the measure-
ment perspective, effective screening tools demonstrate high
levels of sensitivity in correctly identifying those students
who will actually encounter difficulties, as well as high levels
of specificity in the accurate identification of those who are

not likely to demonstrate reading difficulties (Zhou,
Obuchowski, & Obuchowski, 2002). Ultimately, the goal is
to maximize classification accuracy (CA), a summative
measure of the overall proportion of students who were cor-
rectly identified as at-risk or not at-risk on a screening mea-
sure. If the goal of universal screening is to promote the early
identification of reading difficulties (or potential reading dif-
ficulties), screening measures that detect a large proportion
of at-risk students would be desirable so that appropriate
remedial support can be provided to students to prevent fur-
ther difficulties (Francis, Shaywitz, Stuebing, Shaywitz, &
Fletcher, 1996). With that in mind, researchers have argued
that high levels of sensitivity are necessary for universal
screening measures (Compton, Fuchs, Fuchs, & Bryant,
2006; Jenkins, Hudson, & Johnson, 2007). Although consen-
sus has not been reached regarding optimal levels of sensitiv-
ity, acceptable sensitivity values noted in the literature range
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from .70 to .90 (e.g., Catts, Petscher, Schatschneider, Bridges,
& Mendoza, 2009; Compton et al., 2006; Jenkins et al., 2007,
Kilgus, Methe, Maggin, & Tomasula, 2014). Relatedly, spec-
ificity levels of at least .70 are generally considered adequate
for screening measures.

The above-mentioned indices of diagnostic accuracy are
considered population based, as they are properties of the
measure(s) itself. Several researchers argue that sample-
based indices of diagnostic accuracy should also be consid-
ered (e.g., Christ & Nelson, 2014; Petscher, Kim, &
Foorman, 2011). These include positive predictive value
(PPV) and negative predictive value (NPV). The PPV can
be represented as the proportion of students identified as
at-risk on a screening measure who ultimately fail the out-
come test/assessment, whereas NPV is the proportion of
students who were identified as not at-risk during screening
and subsequently passed the outcome test/assessment.
These values are influenced by the actual number of stu-
dents (i.e., base rate) who demonstrate risk on the outcome
measure. When considering both the population and sam-
ple-based statistics of diagnostic accuracy for a given
screening measure(s), educators and researchers must bal-
ance these indices with the actual needs and aims for the
school or district. If the goal is an accurate and efficient
direct route screening process to provide immediate inter-
vention, as is common in many schools (e.g., Fuchs et al.,
2012), sensitivity may take precedence. Meanwhile, if the
goal is to begin by ruling out students who are not at-risk, so
as not to include in any further monitoring or screening,
maximizing the NPV would be important. In sum, the accu-
racy of a screening measure(s) has significant implications
for ensuring that schools are able to allocate increasingly
limited resources to those students who are most at-risk for
poor outcomes.

Although early attempts in the identification of children
at-risk for reading difficulties during the initial stages of
reading development yielded considerable classification
errors (e.g., Fletcher & Satz, 1984; Jenkins & O’Connor,
2002; Scarborough, 1998), recent advances have been made
for screening in the primary grades (Jenkins et al., 2007;
Speece et al., 2010). Typical screening measures for kinder-
garten and first grade involve assessing critical precursor
reading skills such as phonemic awareness and letter-sound
knowledge, whereas in Grades 2 to 3, screening generally
includes assessment of student’s accuracy and fluency in
reading words and/or connected text (Jenkins et al., 2007).
Measures of oral reading fluency (ORF) are the most preva-
lent of screening tools, as they have demonstrated predic-
tive validity to later reading outcomes, including
performance on high-stakes assessment; are sensitive to
growth over time; and are relatively easy to administer
(Atkins & Cummings, 2011; Deno, 2003; Petscher,
Cummings, Biancarosa, & Fien, 2013; Speece & Ritchey,
2005). Despite increased knowledge relative to effective

screening measures for identifying students in need of inter-
vention, and mounting research demonstrating the efficacy
of intervention in the earliest grades (e.g., Denton, Fletcher,
Anthony, & Francis, 2006; Fletcher, Lyon, Fuchs, & Barnes,
2006; Jenkins & O’Connor, 2002), the prevalence of stu-
dents in the upper elementary grades demonstrating poor
reading outcomes is well documented (National Assessment
of Educational Progress [NAEP], 2015). To alter the trajec-
tory in reading performance for this group of students,
schools must be able to accurately and efficiently identify
those students with reading deficits to provide the necessary
supports (Glover & Vaughn, 2010). The purpose of this
research is to examine the accuracy of potential screening
measures in the identification of students with reading
problems in the upper elementary grades, namely fourth
grade.

Screening in Upper Elementary
Grades

There may be several reasons for reading problems in the
upper elementary grades. As Vaughn and colleagues (2008)
have pointed out, some students are either not identified as
at-risk or fail to receive intervention in the early grades and
thus, reading difficulties persist. Furthermore, some K—3
students are provided intervention but such supports are
insufficient for remediating difficulties and/or they experi-
ence a recidivism of reading difficulty as demands increase
in the later elementary grades (O’Connor & Sanchez, 2011;
Vaughn et al., 2008). O’Connor and Sanchez (2011)
referred to some students demonstrating a pattern of being
in and out of intervention. Finally, there is a group of stu-
dents who did not previously exhibit a level of reading
deficit that suggested a need for intervention prior to the
upper elementary grades—these students are considered to
have late-emerging reading disabilities (LERD). Originally
discussed by Chall (1983), these are students demonstrat-
ing seemingly grade-appropriate reading levels until
encountering the more complex text and academic vocabu-
lary in fourth grade. The literature now contains several
studies that report anywhere from 13% to 46% of students
with reading difficulties are not identified until after the
primary grades (e.g., Badian, 1999; Catts, Compton,
Tomblin, & Bridges, 2012; Leach, Scarborough, &
Rescorla, 2003). Of particular note with regard to LERD,
Kieffer (2010) found that students from low socioeco-
nomic status (SES) may be at substantial risk for develop-
ing reading difficulties in the upper elementary grades and
middle school. These results highlight that in addition to
timely early identification, there is a need for continuous
attention to the reading performance of students in all
grades to provide the necessary instruction and interven-
tion. Universal screening represents a critical avenue for
identification of older students with reading difficulties.
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The screening of students in the upper elementary grades
should ideally follow the same principles as screening in the
lower grades, namely, utilizing measures that maximize the
identification of students who are ultimately at-risk for poor
reading outcomes. At the upper elementary level, however,
there are two specific realities that influence thinking about
universal screening measures. First, reading instruction is
heavily focused on the application of fundamental reading
skills to comprehend increasingly complex texts; this is
notably reflected in state and national curriculum standards
(e.g., Common Core State Standards Initiative [CCSSI],
2010). Second, upper elementary students in all states par-
ticipate in a year-end reading assessment with often high-
stakes implications (e.g., grade-level promotion). Whether
these year-end assessments are state-specific outcome mea-
sures or assessments created from the Partnership for
Assessment of Readiness for College and Careers (PARCC)
or Smarter Balanced Assessment Consortiums, screening
measures that reliably predict student performance on such
key outcome assessments are essential.

Jenkins and colleagues (2007) highlighted the relative
dearth of studies addressing this very question and to date,
much still remains to be learned. As noted, ORF has been
widely used as a screening and progress monitoring mea-
sure given its predictive validity for later outcomes, as well
as ORF’s ease of administration (Shapiro, Solari, &
Petscher, 2008). However, Shinn, Good, and Knutson
(1992) found that in explaining reading performance, in
comparison with the unitary factor at third grade, the com-
ponents of fluency and reading comprehension represented
two distinct factors at fifth grade. More recent studies have
demonstrated that as students get older, the sensitivity and
specificity of ORF in predicting outcomes on standardized
comprehension measures and state reading assessments
decreases (e.g., Johnson, Jenkins, & Petscher, 2010; Park,
Anderson, Irvin, Alonzo, & Tindal, 2011; Petscher & Kim,
2011). Furthermore, although research exists demonstrating
the validity of ORF in predicting student performance on
state reading assessments in the upper elementary and mid-
dle grades (e.g., Keller-Margulis, Shapiro, & Hintze, 2008;
Park et al., 2011; Stage & Jacobsen, 2001; Vander Meer,
Lentz, & Stoller, 2005), a recent meta-analysis of the litera-
ture noted that in general, ORF only minimally exceeded
acceptable diagnostic accuracy standards (Kilgus et al.,
2014). Finally, both reviews of screening research (Jenkins
et al., 2007; Kilgus et al., 2014) highlighted the concern
over the CA of single measures, such as ORF, as predictors
of reading outcomes beyond the early grades and noted a
need to explore multivariate approaches.

Research on screening measures beyond the earliest
grades has shown that the inclusion of a standardized read-
ing comprehension measure along with ORF may enhance
the prediction of performance on a state reading assessment
for students in third, fourth, and fifth grades (Shapiro et al.,

2008). Even when predicting performance on the state
assessment in third grade, Johnson et al. (2010) found that a
comprehension measure was the best predictor. Similarly,
Ardoin, Witt, Suldo, and Connell (2004) noted that while
ORF was an adequate predictor of basic reading perfor-
mance for third-grade students, the inclusion of a standard-
ized measure of comprehension was a better predictor of
year-end reading comprehension. It is important to note that
findings from the above-mentioned studies reveal that
inclusion of a measure of reading comprehension, either
individually or combined with an ORF measure, does not
always result in optimal CA. More specifically, large num-
bers of students are identified as at-risk who do not in fact
actually have reading difficulty (i.e., false positive), which
may result in the allocation of limited intervention resources
to students who do not require such support.

More recently, research has examined the use of com-
puter-adaptive tests (CAT) as an alternative method for uni-
versal screening in the upper elementary grades (Klingbeil,
Nelson, Van Norman, & Birr, 2017; Van Norman et al.,
2017). CAT are generally group-administered and com-
puter-scored assessments that can be administered in simi-
lar or less time than required for individually administered
screening measures (Klingbeil et al., 2017). Klingbeil and
colleagues (2017), examining a CAT, ORF, and a running
record measure in Grades 3 to 5, found that the CAT dem-
onstrated the most promise as a single predictor of perfor-
mance on a version of the Smarter Balanced summative
assessment. In general, the CAT alone performed similar to
a multivariate screening battery, though, in third and fifth
grade, sensitivity was increased when using a combination
of measures. Van Norman and colleagues (2017) also exam-
ined a CAT and student’s performance on the previous year
state assessment as predictors of the current year state
assessment outcome. Their findings suggested that the CAT
and previous year outcome performed similarly as screen-
ing tools, with generally adequate specificity and sensitivity
levels. The authors in both the Klingbeil et al. and Van
Norman et al. studies note the limitation that the research
was conducted with students who were predominately mid-
dle to upper class and majority Caucasian and suggest fur-
ther screening research with more diverse samples.

The growing body of literature on screening at the upper
elementary level is certainly promising, particularly evi-
dence for the utilization of multivariate approaches.
However, the extant studies reviewed have included as
screeners only measures of reading fluency (ORF) and/or
standardized assessments of text comprehension and lan-
guage/vocabulary, either in the form of paper-and-pencil
tests or computer-adapted measures. Older students with
reading difficulties, however, do not always exhibit com-
prehension deficits absent of word-level deficits. Some
demonstrate difficulties with both lower and higher level
skills, whereas others have primarily phonological
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processing deficits that impact word reading (e.g., Catts,
Fey, Tomblin, & Zhang, 2002; Compton, Fuchs, Fuchs,
Elleman, & Gilbert, 2008; Leach et al., 2003). Thus, it
would reason that a heterogeneous, multivariate battery,
addressing lower and higher level reading skills may be
beneficial.

To date, Speece and colleagues (2010) is the lone study
to evaluate a multivariate screening battery for older ele-
mentary age students which included a combination of
word-level and higher level skills. They found that a group-
administered comprehension measure, individually admin-
istered word reading fluency measure, and teacher ratings
were most effective in predicting reading status, though sta-
tus was measured via a latent reading factor rather than per-
formance on a state reading assessment as in other studies.
These findings lend some initial support for a screening
approach that specifically incorporates an assessment of
word-level skills. However, as noted by Speece et al., much
more research in this area is needed to validate and extend
their findings. Furthermore, the sample utilized included
predominately Caucasian students attending parochial
schools, and thus, research with a sample representing a
more diverse population of students is warranted.

Summary and Research Questions

Screening and identification of students with/at-risk for
reading difficulties represent an important first step in Rtl
models, including students in upper elementary grades
where there is a particularly large percentage of struggling
readers (e.g., NAEP, 2015). Available research suggests a
need for multiple measures rather than a single screening
instrument. Although ORF and comprehension measures
represent likely candidates, findings on resulting CA are
somewhat equivocal (e.g., Johnson et al., 2010; Klingbeil
et al., 2017; Shapiro et al., 2008; Van Norman et al., 2017)
and thus, the addition of measures assessing word-level
reading may enhance diagnostic accuracy (Speece et al.,
2010). The present study endeavors to add to the emerging
screening literature within the upper elementary grades by
building upon and extending the promising findings from
Speece et al. in a couple specific ways. First, we examined
screening measures with a relatively diverse sample com-
prised primarily of students with low SES and from cultur-
ally and racially diverse backgrounds who may be at
particular risk for late-emerging reading problems in need
of remediation (Kieffer, 2010). Second, we investigated the
utility of measures of both lower and higher level reading
skills in predicting students’ actual performance on their
respective state reading assessment. Accurate prediction of
which students are at significant risk for not passing such
high-stakes assessments is particularly relevant in the cur-
rent educational era as these tests affect decision making
and are used to judge the quality of instruction for schools

and teachers. In the current research, we were able to exam-
ine screening measures in relation to two separate state
assessments. The primary research questions were,

Research Question 1: Using a direct route screening
approach, what is the CA for individual measures of
reading comprehension, ORF, and word-level fluency
for predicting the performance of fourth graders from
diverse backgrounds on their year-end state reading
assessment?

Research Question 2: Is CA improved through the use
of a multivariate screening approach utilizing measures
of lower and higher level reading skill in fourth grade?

Method

Participants

The participants included 321 students from 31 fourth-grade
classrooms. These classrooms were located within 10 public
elementary schools in four school districts in Florida (FL) and
Texas (TX). At the FL site, there were 188 students, of which
17% identified as Hispanic ethnicity and two thirds were
minority status. More specifically, 54% of students were
African American, 6% identified as American Indian, 3% were
Asian, 3% were considered multiracial, with less than 1% con-
sidered Pacific Islander. Furthermore, 66% of the students
were identified as low SES via their participation in free- or
reduced-price lunch programs, 5% as English language learn-
ers, and 17% were eligible for special education services.
Female students comprised 52% of the sample in FL.

The sample in TX was comprised of 133 students. Of the
students in TX sample, 68% identified as Hispanic. With
regard to race, 38% were Caucasian, 35% American Indian,
23% African American, and approximately 1% each was
Asian and Pacific Islander. A vast majority (91%) were
identified as from low-SES households, while 19% were
English language learners and 5% eligible for special edu-
cation. Females comprised 56% of the sample in TX.

All of the participants were part of a larger randomized
control trial designed to examine the efficacy of a multi-
component reading intervention program (Wanzek et al.,
2016). This included students identified as struggling read-
ers (n =221), as evidenced by performance at or below the
30th percentile on a measure of reading comprehension
(MacGinitie, MacGinitie, Maria, Dreyer, & Hughes, 2006),
as well as a random sample of 100 typical readers (i.e., per-
formance above the 30th percentile).

Screening Measures

All students were assessed in early fall of their fourth-grade
year with several reading measures across a variety of skills,
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including reading comprehension and word-, sentence-, and
text-level reading fluency. As a key feature of a screening
measure is its ability to accurately classify students as at-
risk or not at-risk for poor outcomes while also being effi-
cient (Jenkins et al., 2007), we specifically included
group-level assessments and individual-level fluency mea-
sures, which could be administered without compromising
too much instructional time. Each assessment administered
has been purported by the respective publisher as appropri-
ate for screening and identification of students in need of
more intensive reading instruction.

Gates-MacGinitie Reading Test (GMRT). The GMRT (Mac-
Ginitie et al., 2006) is a group-administered, norm-refer-
enced assessment of reading. The reading comprehension
subtest, in which students are presented with multiple para-
graph—length passages and required to respond to related
multiple-choice questions, was administered. The reading
passages include both narrative and expository text. Stu-
dents are allowed a total of 35 min to take this assessment.
For fourth-grade students, test—retest reliability coefficients
are above .85; alternate-form reliability is .86 at this level.
Construct validity estimates range from .79—.81.

Test of Silent Reading Efficiency and Comprehension (TOS-
REC). The TOSREC (Wagner, Torgesen, Rashotte, &
Pearson, 2010) is a brief, group or individually adminis-
tered measure of silent reading efficiency (i.e., speed and
accuracy) of connected text for comprehension. Students
in this sample were administered the TOSREC in a group
setting. Students are given 3 min to silently read and ver-
ify the accuracy of as many sentences, ranging in length
from four to 10 words and increasing in complexity of
content, grammar, and vocabulary, as possible. Alternate
form reliability for the TOSREC is .86 for fourth grade.
Predictive validity of the TOSREC has been examined in
relation to student performance on the Florida Compre-
hensive Assessment Test (FCAT). At fourth grade, correla-
tions of all forms of the TOSREC with the FCAT range
from .55-.73.

Test of Word Reading Efficiency (TOWRE). The TOWRE
(Torgesen, Wagner, & Rashotte, 1999) is a standardized,
individually administered, timed test of single-word read-
ing fluency wherein students are given 45 s to read a list of
words. The Sight Word Efficiency (SWE) and Phonemic
Decoding Efficiency (PDE) subtests were administered.
SWE assesses real-word reading while PDE measures read-
ing of decodable nonsense words. A student’s raw score for
each subtest is the number of words read correctly within
the allotted time. Test-retest reliability coefficients range
from .83-.96 for fourth graders on the SWE and PDE.
Concurrent validity for SWE and the Word Identification
subtest of Woodcock Reading Mastery Tests—Revised

(WRMT-R) is .89. For PDE and the Word Attack subtest of
WRMT-R, concurrent validity is estimated at .86.

Dynamic Indicators of Basic Early Literacy Skills—Sixth Edition
(DIBELS). The ORF subtest from DIBELS (Good & Kamin-
ski, 2002) was administered to measure student’s ability to
read connected text with speed and accuracy. Students read
three separate passages aloud for 1 min each. The total
number of correct words read per minute is recorded for
each passage, and the median score of the passages is used
to indicate the achieved level of fluency. Test—retest reli-
abilities for ORF with elementary students range from .92
to .97; alternate-form reliability across passages from the
same level is reported as .89 to .94. At Grade 4, concurrent
validity was .74 with the Group Reading Assessment and
Diagnostic Evaluation measure and .89 with the NAEP
reading assessment.

Outcome Measure

All students participated in their respective state’s reading
achievement test administered in the spring of fourth grade.
These measures were administered by school personnel.

FCAT 2.0. The FCAT 2.0 (Florida Department of Education,
2014) Reading assessment is FL’s state achievement test,
administered in Grades 3 through 10, measuring students’
attainment of established content standards. The FCAT 2.0
Reading test is a standardized, criterion-referenced test that
presents students with both literary (50%) and informa-
tional (50%) passages and multiple-choice questions that
evaluate comprehension of text and vocabulary. Reading
passages at the fourth-grade level average approximately
500 words in length. Scores on the FCAT 2.0 are reported in
terms of developmental scale scores (DSS) which allow for
comparison of performance and progress in reading
achievement across adjacent grade levels; at Grade 4, DSS
range from 154 to 269. DSS are translated into achievement
levels that describe student’s overall level of proficiency in
meeting assessed content standards. Achievement levels on
FCAT 2.0 range from Level 1 (lowest) to Level 5 (highest).
Students must achieve Level 3 (DSS of at least 208) or
higher to be considered proficient. Cronbach’s alpha reli-
ability coefficients for FCAT 2.0 Reading range between
.89 and .93.

State of Texas Assessments of Academic Readiness (STAAR). The
STAAR Reading test (Texas Education Agency, 2013) is the
state achievement test designed to assess student knowl-
edge of the Texas Essential Knowledge and Skills (TEKS)
standards. It is a standardized and criterion-referenced
assessment of reading. The assessment involves presenting
students with literary and informational tests and requires
them to answer multiple-choice items tapping both
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comprehension and vocabulary. Raw scores on the STAAR
tests are converted to scaled scores to allow for comparison
across grade levels. Ultimately, student performance on the
STAAR is translated into an academic performance stan-
dard that represents the degree to which expected standards
have been met. Established performance standards are
Level 1 (unsatisfactory academic performance), Level 2
(satisfactory), and Level 3 (advanced). At Grade 4, the min-
imum scale score is 816 while the maximum score is 1,922.
A scaled score of at least 1,422 is required for Level 2 per-
formance. Internal consistency for the STAAR reading
assessment at fourth grade was reported to be .89.

Procedures

Data collection. The data from the proposed screening mea-
sures utilized in the present study were collected by trained
research staff in September/October (~ fifth to eighth week
of school) of Grade 4. Assessment order was counterbal-
anced and all staff were required to demonstrate 100%
accuracy in administration and scoring prior to actual field-
testing. Each measure was also double-scored by another
member of the research staff. In general, assessment took
place in two separate sessions. The state assessments of
reading (i.e., FCAT 2.0, STAAR) were administered
between mid-March to early April.

Data analyses. Due to the differences in the outcome mea-
sure across states, all data analyses described below were
conducted separately for the samples in FL and in TX. Ini-
tial analysis of these data was conducted using logistic
regression to investigate each of the screening measures as
an individual predictor of student performance (pass—fail)
on their respective state year-end reading assessment. These
analyses provided specificity and sensitivity levels, as well
as overall CA, or the percentage of the total sample cor-
rectly identified, for each of the potential screening mea-
sures (i.e., predictors). In addition, an analysis was
conducted predicting the outcome by entering all of the pre-
dictors simultaneously into the logistic regression model;
such a model allowed for the determination of whether a
combination of screening measures would improve CA.
Although general CA of an individual, or combined,
predictor(s) is important to determine, ultimately the pri-
mary goal of any academic screening process is to maxi-
mize the extent to which students actually in need of
intervention are identified. Thus, further data analyses were
conducted to identify specific cut points associated with
desired sensitivity levels. Given the potential poor out-
comes for older students whose reading difficulties are not
remediated (e.g., Francis et al., 1996), it was felt that opti-
mizing sensitivity at .90 would maximize the probability of
identifying struggling readers. Receiver operating charac-
teristic (ROC) curve analysis was utilized for this purpose.

ROC curves provide a plot of the true positive rate against
the false positive rate so that potential combinations of sen-
sitivity and specificity can be analyzed (Pepe, Janes,
Longton, Leisenring, & Newcomb, 2004). The area under
the curve (AUC) value, a probability index, is generated
during ROC curve analysis and provided an indicator of
general diagnostic accuracy. As values of the AUC approach
1.0, the screening measure can be said to reliably discrimi-
nate between students with satisfactory (i.e., passing) and
unsatisfactory performance on the outcome, while AUC
values near .50 indicate no better than chance prediction
(Zhou et al., 2002). Compton and colleagues (2006) sug-
gested that AUC values above .90 represent excellent diag-
nostic accuracy, between .80 and .90 as good, .70 to .80 as
fair, and values below .70 are considered poor. We gener-
ated ROC curves for each individual predictor, identified
cut scores associated with .90 sensitivity level, and, subse-
quently, determined the number of students classified as
true positives, false negatives, true negatives, and false
positives. In addition to computing overall CA, specificity,
the PPV, and NPV were also calculated. To generate a ROC
curve for the combined measures model, the predicted
probabilities from the logistic regression analysis were uti-
lized. This procedure was used to address the inherent dif-
ficulty with interpretation of multiple cut scores from
combined measures in the screening process. We set alpha
at .05 for these analyses within each site (individual regres-
sions and multiple regression). To adjust for multiple com-
parisons when running the logistic regression for each
individual predictor, we applied a Bonferroni correction
such that p values below .01 (a = .05/5 comparisons) were
considered significant. Analyses were conducted using
SPSS Version 24.

Results

Descriptive statistics, by state, for each of the predictor
measures and their bivariate correlations are provided in
Table 1. With regard to the respective end-of-year state
reading assessments, the base rate of students not achieving
the state-specified proficiency levels was 58% and 43%,
respectively, within the FL sites and TX sites. It is important
to note that these figures are not directly comparable given
the potential differences in the reading assessments across
the two states.

CA of Individual and Combined Measures

FL site. Using logistic regression, each of the individual
screening measures was a significant predictor of the FCAT
(ps < .01). Using the GMRT resulted in the highest CA
(74.4%). Taken individually, all of the other measures
resulted in CA values of less than 70%; the PDE measure of
the TOWRE demonstrated the lowest accuracy (61.1%).
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Table I. Descriptive Statistics and Correlations for Measures.

Measures GMRT TOSREC ORF SWE PDE FCAT
Florida sample

GMRT 1.0

TOSREC .69 1.0

ORF .61 .64 1.0

SWE .53 .59 87 1.0

PDE A8 .50 .76 .78 1.0

FCAT .67 .57 .55 A5 .36 1.0

M 45536 8738 9277 9049 86.89 204.80

SD 31.62 1424 3007 13.76 14.52 18.25

n 188 181 186 186 186 176
Texas sample

GMRT 1.0

TOSREC 77 1.0

ORF 74 71 1.0

SWE .59 .57 87 1.0

PDE .62 .57 .84 .85 1.0

STAAR .65 .59 .62 .53 .52 1.0

M 460.85 86.35 9093 91.86 8981 1453.88

SD 3781 1506 35.02 14.60 1583 119.12

n 133 128 132 132 132 133

Note. GMRT = Gates-MacGinitie Reading Test; TOSREC = Test of Silent
Reading Efficiency and Comprehension; ORF = oral reading fluency;
SWE = Sight Word Efficiency; PDE = Phonemic Decoding Efficiency;
FCAT = Florida Comprehensive Assessment Test 2.0; STAAR = State of
Texas Assessments of Academic Readiness.

Across these predictors, only the GMRT demonstrated an
optimal sensitivity rate (.90), whereas the other measures
had sensitivity rates ranging from .75 to .78. However, all
individual screening measures had poor levels of specificity
with rates of .38 to .55.

To determine whether a multivariate approach would
improve diagnostic accuracy, all predictor measures were
included in a logistic regression model. In this model, only
the GMRT and the ORF measure were significant (p <.05).
The resulting CA (75.9 %) showed marginal improvement
over the GMRT alone; this represented a 1.5% increase in
accuracy using a multivariate approach. Although sensitiv-
ity using this approach was acceptable at .88, the corre-
sponding specificity level of .61 was below recommended
values. In summary, whether employing a single screening
measure or combined measures, between 24% and 39% of
students were not properly classified when using the chosen
screening instruments. See Table 2 for a summary of
findings.

TX site. Results from the logistic regression analysis using
both an individual and multivariate approach are provided
in Table 2. Again, each of the individual measures was a
significant predictor (p < .01) of the end-of-year STAAR
measure. Similar to the findings from the FL sites, the
GMRT demonstrated the strongest CA (80.5%) with

generally adequate sensitivity and specificity levels. The
ORF measure also demonstrated minimally acceptable sen-
sitivity (.70) and adequate specificity (.74), while correctly
classifying 75% of students. The CA of the SWE measure
was 71.2% while both the TOSREC (69.5%) and PDE
(67.4%) had accuracies below 70%. In contrast to the FL
site, these individual measures showed higher levels of
specificity (.78—.84) in predicting performance on the state
reading assessment, with lower levels of sensitivity
(.54-75).

When using logistic regression to examine a multivariate
approach, only the GMRT measure was significant. The
resulting CA was 78.9%, which actually represented a slight
decrease (1.6%) in comparison with using the GMRT indi-
vidually as a screener. Sensitivity level using this combined
approach was .73 with specificity at .83.

CA With Maximized Sensitivity Levels

Presented in Table 3 are results, by site, from the ROC curve
analyses, along with cut scores associated with a sensitivity
level of ~90%, and multiple indices of CA. Results are pre-
sented for individual and combined screening measures.
Figure 1 presents the resulting ROC Curves, for individual
measures and the multivariate approach, across the two
sites.

FL site. With this optimal sensitivity, specificity rates for
individual predictor measures ranged from .15 (PDE) to
.53 (GMRT). The AUC values for the individual measures
ranged from .642 to .806. The GMRT demonstrated the
most optimal CA followed by the ORF measure, though
both were below 75%. On the GMRT, the cut score cor-
responding to a sensitivity of .90 was the 28th percentile.
Meanwhile, on the SWE (standard score [SS] < 102),
PDE (SS < 103) and the TOSREC (SS < 100), cut scores
for establishing risk were above the 50th percentile for
each respective measure. Furthermore, to achieve .90 sen-
sitivity using the ORF measure, all students reading at or
below 116 correct words per minute would be at-risk; the
published norms for DIBELS ORF indicate that the fall
benchmark for students in fourth grade is 93 correct
words read per minute. As a result of setting sensitivity at
.90, though we are able to identify nearly all students at-
risk for not passing the end-of-year state reading assess-
ment, large numbers of those identified at-risk actually
passed the state assessment (19% to 34% across mea-
sures). The issue of false positive is also indicated in the
range of PPV from .59 to .72. We also conducted ROC
curve analysis with the combined predictors. The AUC
value was .826. Setting sensitivity at .90, the resulting
specificity level was .59 and this approach correctly clas-
sified just more than three quarters (77.1%) of students.
This approach surpassed the accuracy of all single
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Table 2. Logistic Regression of Single and Combined Measures.
Florida Texas

Predictor B (SE) Wald  Sensitivity ~ Specificity =~ CA B (SE) Wald  Sensitivity  Specificity =~ CA
GMRT -.052 (.009) 31.26 .90 .53 744 -.043 (.009) 23.82 .75 .84 80.5
TOSREC -.066 (.014) 2293 .78 .53 67.1 -.086(019) 21.53 .58 78 69.5
ORF -.036 (.007) 26.57 .78 .55 68.6 —.041 (.008) 26.62 .70 .79 75.0
SWE -.062 (.014) 18.63 .75 49 640 -.076(017) 20.83 .57 .82 712
PDE -.038 (.012) 9.92 .78 .38 61.1 -.064(.015) 19.34 .54 .78 674
Combined Sensitivity/ Sensitivity/
Predictors B (SE) Wald b Specificity CA B (SE) Wald b Specificity CA
GMRT -.045 (.011) 15.57 <.001 -.037 (.013) 7.98 .005
TOSREC .003 (.02) .031 .86l -.018 (.025) 513 474
ORF -.039 (.015) 6.57 .0l -.020 (.018) 1.25 263
SWE .005 (.031) .031 .86l -.003 (.038) .006 938
PDE -.039 (.022) 3.05 .081 .015 (.028) 278 .598

.88/.61 75.9 .73/.83 78.9

Note. CA = classification accuracy; GMRT = Gates-MacGinitie Reading Test; TOSREC = Test of Silent Reading Efficiency and Comprehension; ORF =
oral reading fluency; SWE = Sight Word Efficiency; PDE = Phonemic Decoding Efficiency.

Table 3. Results of the ROC Curve Analyses With Single and Combined Measures.

Predictor Cut Score AUC (CI) SE SP (CI) PPP (CI) NPP (CI) CA

FL results
GMRT 28th percentile .806 [.737, .875] ~.90 .53 [41, .64] 72 [.67,.77] .80 [.68, .88] 74.4
TOSREC SS =100 722 [.646, .799] ~.90 .36 [.26, .48] .65 [.60, .69] .73 [.58, .84] 66.5
ORF 116 cwpm .756 [.685, .828] ~.90 31 [21, 43] .64 [.60, .67] .70 [.54, .82] 65.1
SWE SS =102 .702 [.623, .781] ~.90 26 [.16, .37] .61 [.57, .65] .58 [42,.72] 60.5
PDE SS=103 .642 [.559, .724] ~.90 .15 [.08, .25] .59 [.57, .62] .55 [.35, .74] 58.8
Combined .826 [.762, .891] ~.90 .59 [47,.71] .74 [.69, .79] .83 [.72, .90] 77.1

TX results
GMRT 31st percentile .846 [.776, .916] ~.90 .55 [.43, .67] .60 [.54, .66] .88 p.76, .94] 69.9
TOSREC SS=92 .787 [.707, .866] ~.90 46 [.35, .58] .53 [48, .59] .88 [.75, .94] 64.1
ORF 103 cwpm .809 [.733, .885] ~.90 .54 [.42, .65] .59 [.52, .65] .87 [.75, .94] 68.9
SWE SS =102 .749 [.663, .835] ~.90 .34 [.24, 46] 49 [45, .54] .79 [.63, .89] 56.8
PDE SS =100 .736 [.649, .824] ~.90 42 [.31, .54] .54 [48, .59] .86 [.73, .94] 64.8
Combined .861 [.793, .928] ~.90 .73 [.62, .83] 70 [.61,.77] .90 [.81, .95] 79.7

Note. ROC = receiver operating characteristic; AUC = area under the curve; Cl = confidence interval; SE = sensitivity; SP = specificity; PPP = positive
predictive power; NPP = negative predictive power; CA = classification accuracy; GMRT = Gates-MacGinitie Reading Test; TOSREC = Test of Silent
Reading Efficiency and Comprehension; SS = standard score; ORF = oral reading fluency; cwpm = correct words per minute; SWE = Sight Word

Efficiency; PDE = Phonemic Decoding Efficiency.

screening measures though only by about 2.7% over the
GMRT alone; the PPV of .74 suggests that approximately
one quarter of students whom would be identified as at-
risk via the multivariate approach actually demonstrated
proficiency on the FCAT 2.0.

TX site. In TX, when sensitivity of the individual measures
was optimized at .90, specificity rates for individual predic-
tor measures ranged from .34 (SWE) to .55 (GMRT). The
AUC values for the individual measures were between .736
and .846. Similar to FL, using the GMRT individually

resulted in the highest CA (69.9%); all individual measures
had accuracy levels below 70%. On the GMRT, the cut
score corresponding to a sensitivity of .90 was the 31st per-
centile. Cut scores on the other norm-referenced measures
and the ORF assessment were such that performance in the
average range (or in the benchmark range on ORF) could
classify a student as at-risk. The resulting PPV ranged from
.49 to .60, whereas negative predictive power (NPP) values
were all above .86 with the exception of SWE (.79). When
we conducted ROC curve analysis with the combined pre-
dictors, the resulting AUC value was .861. The specificity
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Figure 1. ROC curves for individual screening measures and
combined measures for (a) FL site and (b) TX site.

Note. ROC = receiver operating characteristic; FL = Florida;

TX = Texas; GMRT = Gates-MacGinitie Reading Test; TOSREC = Test
of Silent Reading Efficiency and Comprehension; ORF = oral reading
fluency; TOWRE = Test of Word Reading Efficiency; SWE = Sight Word
Efficiency; PDE = Phonemic Decoding Efficiency.

level was .73 using the multivariate approach. Using this
approach, there was an increase in CA of nearly 10% over
using any of the individual predictors; accuracy of this com-
bined approach was 79.7%. Of those identified at-risk, 70%
(PPV = .70) demonstrated a lack of proficiency on the
STAAR. Conversely, NPV was .90 suggesting that 90% of
students considered not at-risk using the multivariate
approach were, in fact, proficient on the STAAR at the end
of fourth grade.

Discussion

In this retrospective study, we sought to examine the diag-
nostic accuracy, both individually and as part of a multivari-
ate screening battery, of word-level and text-level reading

screening measures for upper elementary students. We
examined the CA of these beginning of the year measures
on end of the year state reading comprehension outcomes
for a diverse sample of students in two states. Results dem-
onstrated that all individual measures were significant pre-
dictors of student outcomes of both state reading tests.
However, despite optimization of sensitivity of measures,
other indices (i.e., specificity, PPV, NPV, CA) were indica-
tive of generally inadequate diagnostic accuracy. The
GMRT, a group-administered reading comprehension mea-
sure, had the highest overall CA across FL and TX though
again, with poor specificity levels. The NPVs (.80-.88) for
the GMRT across states suggested that it performed reason-
ably well in determining students who were not at-risk for
failing their respective year-end, high-stakes reading assess-
ment. Adding other measures, specifically those assessing
word- and text-level fluency, to the prediction model that
optimized sensitivity improved overall CA slightly over the
GMRT alone, but specificity remained poor in FL (.59) and
was at a minimally acceptable level in TX (.73). Once
again, NPVs were promising, but PPVs of < .75 suggested
many students identified as at-risk via this multivariate bat-
tery would actually go on to pass the state assessments (i.c.,
false positives). In the multivariate logistic regression mod-
els, only GMRT was significant for both samples; ORF was
also significant in FL while no other individual measures
were significant in TX.

Adequacy of Screening With Single Measures

Given that schools commonly employ only a single mea-
sure within the universal screening process (Jenkins,
Schiller, Blackorby, Thayer, & Tilly, 2013), it is important
to consider whether the present findings lend support for
one specific measure at the upper elementary level. The
relative strength of the GMRT measure for predicting the
state reading comprehension tests may be expected given
that both tests are measuring the same construct, reading
comprehension, in a similar way with group-administered
independent reading of passages followed by reading com-
prehension questions. Despite vastly different samples, this
finding in our study is in line with recent studies by Klingbeil
et al. (2017) and Van Norman et al. (2017), which found
that a CAT assessing reading comprehension and related
skills was an adequate predictor of year-end state assess-
ments of reading. Of note, both sensitivity and specificity of
the CAT in the above studies was above .80, whereas speci-
ficity of the GMRT in this study was .53 to .55. The diag-
nostic accuracy when using ORF as a single screener was
limited, particularly when utilizing a cut point that opti-
mized sensitivity. Specificity of ORF was markedly better
in TX (.54) in comparison with FL (.31), as was NPV. Our
findings regarding ORF as a single predictor was somewhat
surprising given that the outcome measure required
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students to read lengthy passages within a timed assessment
and the fact that previous screening research demonstrating
this measure as having at least minimal diagnostic accuracy
when predicting to year-end state assessments (Kilgus et al.,
2014). Nonetheless, the limited diagnostic accuracy of ORF
as found in this study does seem to highlight potential con-
cerns with using it as a single screening measure at this
level (e.g., Jenkins et al., 2007). A relatively clear finding in
this study was the fact that measures of single-word reading
efficiency do not represent viable options as individual
screeners in upper elementary. These measures have the
lowest values for AUC, specificity, PPV, and NPV. This is
not surprising given the nature of what skills are specifi-
cally assessed in year-end state assessments and in fact, the
primary goal for their inclusion in this study was to examine
whether such measures increased diagnostic accuracy in a
multivariate approach (see below).

In making sense of the findings for individual measures
for screening at this level, particularly with regard to the
GMRT, several considerations must be taken into account.
First, an argument can certainly be made that it would actu-
ally be less costly to overidentify students as at-risk, thereby
potentially providing unnecessary reading intervention,
then to not identify a student who is likely to fail a subse-
quent high-stakes assessment (and remains at increased risk
for poor educational outcomes, Francis et al., 1996).
However, our results suggest that upward of 30% to 40% of
students would be misidentified as at-risk on the GMRT.
For many schools and districts, this may serve to tax already
limited intervention resources and may create problems for
implementation, which is critical given the document chal-
lenges in implementing Tier 2 interventions (e.g., Hoover
et al., 2008). On the contrary, the NPVs for GMRT suggest
that this measure has potential for ruling out students who
are not at-risk. So, although using this measure in a direct
route approach to screening is of some concern, employing
the GMRT as a first step in “gated” screening may have
potential. Gated screening processes have been the subject
of recent research (Klingbeil et al., 2017; Van Norman
et al., 2017) though findings suggest that this process may
result in unacceptable numbers of false negatives, or stu-
dents truly at-risk who are not identified as such.

Multivariate Screening

Given the established concerns regarding single screeners,
including the present findings, it is important to consider
the diagnostic accuracy when using multiple measures for
universal screening, as well as potential implications. When
sensitivity rates were set high, including measures of word-
and text-level fluency along with the GMRT, CA was
improved, primarily via the reduction in the number of stu-
dents misidentified as at-risk. This was mostly evident in
TX as demonstrated by a nearly 10% improvement in CA

when all measures were included: Conversely, the increase
in CA (2.7%) for predicting outcomes for the FL test were
negligible in comparison with GMRT alone. The result for
using a multivariate approach in TX should not be under-
stated, as these findings suggest that all resulting diagnostic
accuracy indices would be considered within acceptable
standards.

Our results seem to align with previous research that has
reported mixed findings on the degree of improved accu-
racy in identifying students as at-risk or not when employ-
ing a multivariate approach (e.g., Johnson et al., 2010;
Klingbeil et al., 2017). As we specifically aimed to extend
the work of Speece and colleagues (2010), it is important to
consider the present findings within that context. Again,
findings are mixed, with only these analyses in TX confirm-
ing the potential importance of adding word-level screening
measures. Notably, our screening was in the early fall as
compared with the late fall screening conducted in Speece
et al., which also allowed them to include a teacher rating of
the students as part of their model because teachers had
seen the students in several months of instruction and pos-
sibly assessment.

So, although we may conclude that in FL the GMRT
measure alone would be just as accurate within the context
of universal screening as a multivariate battery, whether
such a battery would ultimately be most beneficial to
schools in TX requires further consideration. Namely,
including multiple measures requires more time to be set
aside for screening and the inherent difficulty in interpret-
ing student performance across several measures. With
regard to time, the GMRT alone can be administered to
large groups of students in approximately 35 to 40 min and
can be machine scored, making it a very efficient screener.
Although the TOSREC can be group-administered and
takes approximately 5 min, adding the individual measures
would require an additional 10 min per student plus time for
scoring. Once again, given these potential concerns, utiliza-
tion of the GMRT first, within a gated approach may be
warranted. This is especially true given the fact that the
multivariate approach does no better in ruling out students
who are not at-risk across either FL or TX when compared
with GMRT alone.

Limitations and Future Research

The present findings should be interpreted in light of sev-
eral limitations. First, given the retrospective nature of this
study, we were only able to examine measures adminis-
tered during the original study. Specifically, this precluded
us from capturing information on students’ achievement
on the previous year (i.e., Grade 3) state reading assess-
ment. Although a limitation of previous research, two
recent screening studies in upper elementary and middle
school grades found that these data demonstrated adequate
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diagnostic accuracy in predicting student’s current year
performance (Denton et al., 2011; Van Norman et al.,
2017). Thus, future research should include these data
whenever possible to further clarify how such information
can add to prediction models whether in a multivariate
approach and/or as a first step in a gated screening
approach. Although such information ideally increases the
efficiency of the screening process given that state assess-
ment data for students would be readily available and
requires no additional time for assessment, there is at least
one important caveat. In a diverse sample of students and
schools, such as found in this study, there are many stu-
dents for whom earlier grade reading achievement infor-
mation is not available due to movement between districts
or states.

Second, as with any large sample, the core instruction
and interventions that students struggling with reading
received throughout the year varied within and across
schools. Thus, it is not possible to add specific instructional
variables to the models, though researchers must acknowl-
edge that this practical limitation creates unknown noise in
school decision making.

Third, although assessments aligned with the CCSSI
(2010) are being developed through state-level consor-
tiums, more than half (27) of states continue to use their
own state-developed, high-stakes assessments. Thus,
although we were able to examine data in two states, CA
will likely differ in other states even when the same con-
struct of reading comprehension is being measured.
Additional research examining factors in state tests that can
make CA more direct and straightforward for schools would
make a significant practical contribution in the field. For
example, state assessments may differ in the extent to which
they directly assess specific subskills under the umbrella of
reading comprehension (e.g., main idea, cause and effect,
etc.) and thus, more targeted rather than broad screening
measures of comprehension may serve as better predictors
of student performance on these high-stakes measures. The
less than optimal results of this study and others particularly
in the area of specificity suggest the need for continued
research on identification of older students with reading dif-
ficulties. A multitude of factors including previous experi-
ences as well as differing areas of reading strength and
weakness can contribute to reading difficulties as students’
progress through the grades. Continued research in this area
with the goal of providing educators effective and efficient
methods for identifying students in need of intervention as
well as informing instructional decisions is needed.

Summary of Implications

The current study was unable to identify any single screen-
ing measure with acceptable levels across all diagnostic
indices, including sensitivity, specificity, PPV, and NPV in

predicting student outcomes of pass or fail on two different
state reading comprehension tests for upper elementary
students. The GMRT did consistently provide the strongest
prediction with fair to good sensitivity, good AUC, and
overall CA at 70% or above. As such, it may provide an
efficient and feasible screening method for schools at this
time, particularly when the focus is on maximizing the
identification of students truly at-risk. Nonetheless, the
potential for misallocation of scarce resources must be
considered when using the GMRT as a direct route screener.
Preliminary evidence provided support for a multivariate
screening approach including measures of comprehension
along with word- and text-level fluency in TX though must
be considered in light of issues with time/efficiency and
interpretation of multiple measures. Ultimately, it is imper-
ative that schools purposefully reflect on the primary pur-
pose of their universal screening efforts, the population of
students being served, and available resources when con-
sidering the recommendations and implications from the
present findings.
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