N

Applied Research Methods

Predicting math outcomes
from a reading screening
assessment in grades 3-8

o
NATIONAL CENTER for —
EDUCATION EVALUATION 1
AND REGIONAL ASSISTANCE °

SOUTHEAST

U.S. Department of Education




U.S. Department of Education
John B. King, Jr., Secretary

Institute of Education Sciences
Ruth Neild, Deputy Director for Policy and Research
Delegated Duties of the Director

National Center for Education Evaluation and Regional Assistance
Joy Lesnick, Acting Commissioner

Amy Johnson, Action Editor

Sandra Garcia, Project Officer

REL 2016-180

The National Center for Education Evaluation and Regional Assistance (NCEE) conducts
unbiased large-scale evaluations of education programs and practices supported by federal
funds; provides research-based technical assistance to educators and policymakers; and
supports the synthesis and the widespread dissemination of the results of research and
evaluation throughout the United States.

September 2016

This report was prepared for the Institute of Education Sciences (IES) under Contract
ED-IES-12-C-0011 by Regional Educational Laboratory (REL) Southeast administered by
Florida State University. The content of the publication does not necessarily reflect the
views or policies of IES or the U.S. Department of Education, nor does mention of trade
names, commercial products, or organizations imply endorsement by the U.S. Government.

This REL report is in the public domain. While permission to reprint this publication is
not necessary, it should be cited as:

Truckenmiller, A. J., Petscher, Y., Gaughan, L., & Dwyer, T. (2016). Predicting math out-
comes from a reading screening assessment in grades 3—8 (REL 2016-180). Washington, DC:
U.S. Department of Education, Institute of Education Sciences, National Center for Edu-
cation Evaluation and Regional Assistance, Regional Educational Laboratory Southeast.
Retrieved from http:/fies.ed.gov/nceefedlabs.

This report is available on the Regional Educational Laboratory website at http:/fies.ed.gov/
ncee/edlabs.


http://ies.ed.gov/ncee/edlabs
http://ies.ed.gov/ncee/edlabs
http://ies.ed.gov/ncee/edlabs

Summary

District and state education leaders frequently use screening assessments to identify stu-
dents who are at risk of performing poorly on end-of-year achievement tests. This study
examines the use of a universal screening assessment of reading skills for early identifica-
tion of students at risk of low achievement on nationally normed tests of reading and math
and provides support for the interpretation of screening scores to inform instruction.

Several members of the Regional Educational Laboratory Southeast Improving Literacy
Alliance already use a reading screening assessment—the Florida Center for Reading
Research Reading Assessment (FRA)—for all students in grades 3-8 to identify students
who may be at risk of poor end-of-year reading outcomes. To gain more information to
drive instruction without students having to spend more time taking tests, these alliance
members wanted to know whether the FRA could also be used to identify students at risk
of poor end-of-year math outcomes. Data on students in grades 3—8 from one large Florida
school district were available to answer these questions.

The study found that the FRA identified students at risk of poor performance in mathe-
matics on the Stanford Achievement Test, Tenth Edition, with a level of accuracy similar
to that of screening assessments that measure math skills. The findings indicate that
school districts could use an assessment of reading skills to screen for risk in both reading
and math at the same time, potentially reducing costs and testing time.

This report provides decision trees to support implementation of screening practices and
interpretation by teachers.
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Why this study?

Every state tests students at the end of the school year in at least two academic subjects:
reading (or English language arts) and math. Because state tests have high stakes—such
as grade retention or promotion, or teacher performance evaluation—many educators try
to identify which students are at risk of failing end-of-year tests as early as possible in
order to change those students’ trajectory. A variety of screening assessments (including
AIMSweb, Measures of Academic Progress, and STAR assessments) are used to identify
students at risk of failing (National Center on Response to Intervention, 2012). Many of
these assessments also have diagnostic features that allow educators to identify specific
skill weaknesses that can guide differentiated instruction. Educators use these data to set
goals and improve reading and math instruction (Gersten et al., 2008; Jenkins, 2003).

As of 2010, 46 states recommended or required that schools conduct universal screening—
that is, administer screening assessments to all students at the beginning of the school year
to identify which students may need supplemental or differentiated instruction to meet
end-of-year expectations (Zirkel & Thomas, 2010). Although some schools use screening
assessments for several subjects and student behaviors, most schools that employ universal
screening past grade 3 use only a reading screening assessment. The majority of research
on universal screening has been conducted on reading screening and has shown positive
results in predicting reading achievement (Wayman, Wallace, Wiley, Tich4, & Espin,
2007). But because the stakes have been raised in other subjects (for example, requiring
passing scores on math tests in order to graduate from high school), educators may want to
use screening assessments that accurately identify students for more intensive instruction
in those subjects as well (Crawford, Tindal, & Steiber, 2001). At the same time, educators
and education leaders must weigh the benefits of screening students for outcomes in addi-
tion to reading (Gersten et al., 2008) against the potential costs in money and instruction-
al time of multiple screening assessments.

Because reading and math difficulties often occur together and may have similar underly-
ing causes (Crawford et al., 2001; Fletcher, 2005; Helwig, Rozek-Tedesco, Heath, & Tindal,
1999; Thurber, Shinn, & Smolkowski, 2002), screening assessments in reading and math
may identify many of the same students. So using an existing reading screening assessment
to identify students at risk of poor outcomes in other subjects, such as math, could increase
efficiency.

Two studies suggest that reading screening assessments can be used in addition to math
screening assessments to improve prediction of math outcomes. They found that using
a reading screening assessment in addition to a math screening assessment significantly
improved the prediction accuracy of math outcomes and that the reading screening assess-
ment was critical to identifying atrisk students in grades 3, 5, and 7 (Codding, Petscher, &
Truckenmiller, 2014; Jiban & Deno, 2007).

Just as doctors use a thermometer to screen for a variety of illnesses, a reading screening
assessment can be used to identify students at risk of failure in a variety of academic areas.
Educators report being very confused about how performance on a screening measure
directly relates to performance on an outcome measure, especially when students have
similar scores in one area of reading but have different levels of risk on the whole screen-
ing assessment. Since the typical analysis of screening prediction (logistic regression) uses
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an unseen formula to predict outcomes, educators frequently report that they distrust the
prediction. Previous research shows the theoretical link between reading screening assess-
ments and math outcomes, but to inform educators’ practices, models other than logistic
regression are needed to delineate which scores on a specific reading screening assessment
directly relate to scores on a math outcome (Koon & Petscher, 2015; Koon, Petscher, &

Foorman, 2014).

This study was requested by a Florida-based member of the Regional Educational Labora-
tory (REL) Southeast’s Improving Literacy Alliance. In 2002 Florida school districts began
using universal reading screening assessments in kindergarten through grade 3 to predict
important reading outcomes and in 2007 expanded the practice to all grades. Currently,
the Florida Center for Reading Research Reading Assessment (FRA) is available in Florida
for use as a free reading screening assessment for grades 3—10. The primary purpose of this
study was to determine the screening accuracy of the FRA for an additional important
academic outcome: the Stanford Achievement Test, Tenth Edition (SAT-10) Mathematics.
A secondary goal of this study was to use an analysis that would produce a decision tree
for interpreting FRA scores instead of the probability score that is currently produced for

the FRA.

The FRA produces an overall probability score that indicates the likelihood of a student
passing the end-of-year reading outcome test based on a complex formula of that student’s
performance on FRA tasks. The alliance member reports that some practitioners are hes-
itant to use FRA scores to inform instructional practices because probability scores do
not demonstrate a direct connection between the component reading skills and important
outcomes. In addition to answering the question about reading screening predicting math
outcomes, the alliance member is also seeking a way to make the relationship between
each FRA task score and outcomes in math and reading more transparent and less difficult
to interpret. Given that the reading screening scores would be used to predict reading
and math outcomes, this report compares the differences in identifying students at risk in
math and students at risk in reading.

What the study examined

Three research questions guided the study:
e How are FRA task scores associated with SAT-10 Reading Comprehension and
Mathematics scores?
* How well does a universal screening assessment of reading performance identify
students at risk of not meeting expectations in math?
® Are the reading skills that predict math outcomes similar to the skills that predict
reading outcomes?

The study was conducted using data on students in grades 3-8 in a large urban school
district in Florida (see box 1 for a summary of the data and methods used in the study and
appendix A for more details).
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Box 1. Data and methods

Participants

Data were analyzed for all 7,803 students in grades 3-8 attending 15 elementary schools and 5 middle schools
in a large urban district in Florida who took the Florida Center for Reading Research Reading Assessment (FRA)
midyear and the Stanford Achievement Test, Tenth Edition (SAT-10), at the end of the school year. (In this school
district, every student takes the FRA and the SAT-10 Reading Comprehension and Mathematics, unless the student
has an exemption.) The participants were demographically diverse: 58 percent received free or reduced-price lunch,
10 percent were English learner students, 12 percent were in special education, 3 percent were Asian, 18 percent
were Black, 39 percent were Hispanic, 1 percent were American Indian, and 37 percent were White. The students in
grades 3-5 were high-achieving in both reading and math (see table B1 in appendix B); the students in grades 6-8
demonstrated average achievement in reading and math (see table B2 in appendix B).

Measures of student achievement
The study used two measures of student achievement.

Florida Center for Reading Research Reading Assessment (FRA). The FRA (Foorman, Petscher, & Schatschneider,

2015) comprises four computer adaptive tasks,* each producing a score, for a total of four scores per student:

* Word recognition: Measures a student’s ability to decode words and requires the student to listen to a word
pronounced by the computer and choose the correctly spelled word from three choices. Items include real words
and nonwords.

* Vocabulary knowledge: Measures a student’s vocabulary ability. The items consist of a sentence with one word
missing. The missing word is replaced with a choice of three morphologically related words.

* Syntactic knowledge: Measures a student’s comprehension of components in a sentence by having the student
select the correct connective word, the correct pronoun reference, or the verb that creates appropriate subject—
verb agreement. This task includes an audio assist for all students.

* Reading comprehension: Consists of a passage with seven to nine multiple-choice questions.

Stanford Achievement Test, Tenth Edition (SAT-10). The SAT-10 is a nationally normed test for grades 1-12 and
adults and comprises eight subjects (Harcourt, 2003). The current study uses the Reading Comprehension score
and the Mathematics score. The district participating in the current study found that the 50th percentile of SAT-10
Reading Comprehension and Mathematics scores most closely aligned with the passing score on its state-mandated
accountability test in reading and math, so the scaled score associated with the 50th percentile for each grade level
was used as the cutpoint for meeting grade-level expectations (passing) in each subject.

Analyses

This study uses classification and regression tree (CART) models to determine how well FRA task scores identify
students at risk of failing the SAT-10 Reading Comprehension and Mathematics. CART helps identify students who
are at risk based on multiple scores with cutpoints for each score and clear decision rules for combining the results.
CART models yield decision trees based on these cutpoints to show which students are at risk and which students
are not at risk. CART models can be adjusted to balance several types of screening accuracy (see box 2).

Note

1. Computer adaptive administration means that not all students are administered the same items. The difficulty of the items adminis-
tered to a student depends on the student’s previous responses. If a student is responding correctly to items, more difficult items are
administered. If a student is responding incorrectly to items, easier items are administered.




Box 2. Understanding screening accuracy

The screening accuracy produced from the classification and regression tree model is represented by several statis-
tics. The definition for each screening accuracy statistic is listed below. More detailed descriptions of these statis-
tics are available in Schatschneider, Petscher, and Williams (2008).

Sensitivity. Percentage of students identified as at risk by the Florida Center for Reading Research Reading Assess-
ment (FRA) out of all students who failed the SAT-10.

Specificity. Percentage of students identified as not at risk by the FRA out of all students who passed the SAT-10.
False positive rate. Percentage of students who were identified as at risk by the FRA but passed the SAT-10.
False negative rate. Percentage of students who were not identified as at risk by the FRA but failed the SAT-10.

Positive predictive power. Percentage of students correctly identified as at risk by the FRA out of all students iden-
tified as at risk.

Negative predictive power. Percentage of students correctly identified as not at risk by the FRA out of all students
identified as not at risk.

Overall accuracy rate. Percentage of students correctly identified as at risk or not at risk by the FRA out of all stu-
dents in the sample.

Educators who choose screening assessments may wish to prioritize some accuracy statistics over others. For
example, the Regional Educational Laboratory Southeast’s Improving Literacy Alliance members want to identify
as many students as possible who may be at risk (that is, prioritizing negative predictive power) even though this
approach may increase the number of false positives. Many commercial screening measures also prioritize negative
predictive power (National Center on Response to Intervention, 2012). Models that determine the cutpoints on the
screening assessment can be adjusted to maximize other screening accuracy statistics that may be needed for
different purposes.

Because adjustments to improve one accuracy statistic necessarily affect other such statistics, educators must
clearly specify the decisions they plan to make from the screening assessment data and set cutpoints appropri-
ately. For example, if the identification of a student as at risk of not meeting expectations was used in high-stakes
decisions (such as grade retention), educators would choose an assessment and cutpoint with more of a focus on
reducing the rate of false positives. Conversely, if a school wanted to identify students who need further supplemen-
tal instruction and the school has enough resources to meet those demands, it may not be concerned about the
resource cost associated with trying to increase negative predictive power. Cost is not the only consideration, nor
the most important. Decisionmakers will want to carefully consider all implications of over- and underidentification at
their school, including the student’s placement in the core curriculum and other typical school activities as well as
the process for determining when a student may successfully exit an intervention or intervention setting.

After deciding whether to prioritize underidentification or overidentification, practitioners can draw guidance for
minimum accuracy thresholds from research or compare choices among other available screening assessments.
Some researchers suggest that values above .75 for sensitivity, specificity, and predictive power provide evidence
for good classification (Swets, 1992). Others recommend that sensitivity values be above .90 (Compton, Fuchs,
Fuchs, & Bryant, 2006; Jenkins, 2003) and negative predictive power be above .80 (Petscher, Kim, & Foorman,
2011). The current study sought to keep negative predictive power above .80 while keeping specificity near .75.




What the study found

This section describes the results of each step of the analysis.
Reading skills are moderately to strongly correlated with math skills

Scores for each FRA task were significantly correlated with SAT-10 Mathematics scores
at all grade levels (see table B3 in appendix B). Altogether, the FRA task score explained
almost 50 percent of the variance in the SAT-10 Mathematics score (r* = 46).
e The FRA reading comprehension score had the strongest association (average cor-
relation = .64) with the SAT-10 Mathematics score.
e The FRA syntactic knowledge score also had a strong association (average correla-
tion = .51) with the SAT-10 Mathematics score in most grade levels, ranging from
43 in grade 3 to .56 in grade 8.
e The FRA vocabulary knowledge score (average correlation = .43) and word recog-
nition score (average correlation = .42) had a moderate to strong correlation with

the SAT-10 Mathematics score.

The correlations between FRA task scores and SAT-10 Reading Comprehension scores
showed a similar pattern, though the correlations were generally larger. For example, the
FRA reading comprehension score was most strongly correlated with the SAT-10 Reading
Comprehension score (average correlation = .70), followed by syntactic knowledge score
(average correlation = .51).

Reading screening accurately predicts math outcomes

After determining that the screening assessment was related to the outcome test, the study
team analyzed how well the screening assessments predicted the outcomes by calculating
screening accuracy statistics output from classification and regression tree (CART) models.
CART models were used to find the minimum scores (cutpoints) that students needed on
the combination of FRA tasks that most accurately predicted performance on the SAT-10
Mathematics. The development of CART models involves multiple iterations, and explain-
ing each step and the rationale for each decision can be challenging. The steps for these
models are discussed in appendix A. Although some screening accuracy statistics did not
reach all the thresholds recommended by researchers and the screening accuracy statistics
varied across grade levels, the FRA generally performed well. Sensitivity exceeded .80 in
all grade levels, and negative predictive power exceeded .80 in all grade levels except grade
7 (table 1). Specificity, false positive rate, and negative predictive power were noticeably
poorer for grade 7 than for other grade levels.

The results for the FRA are comparable to those for seven other commercial math screen-
ing assessments in sensitivity, specificity, negative predictive power, and overall accuracy
rate (table 2; see also table Cl1 in appendix C). The accuracy of the FRA is similar to or
slightly higher than that of three of these commercial math screening assessments in all
screening accuracy categories.

As in other evaluations of the FRA’s screening accuracy (Foorman et al., 2015), the sta-
tistics on how well FRA task scores identify students at risk of scoring below the 50th
percentile on the SAT-10 Reading Comprehension indicated good screening accuracy (see
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Table 1. Screening accuracy statistics on how well FRA task scores identify
students at risk of scoring below the 50th percentile of Stanford Achievement Test,
Tenth Edition, Mathematics scores

False False Positive Negative Overall
positive negative predictive predictive accuracy
Grade Sensitivity Specificity rate rate power power rate
3 .84 74 .26 .16 .66 .89 .78
4 .86 74 .25 14 .69 .89 .79
5 .84 .73 .25 .14 .69 .89 .79
6 .84 73 .27 .16 .58 .91 .76
7 .84 .68 .32 .16 a7 a7 T7
8 .86 .80 .20 14 .82 .84 .83

FRA is Florida Center for Reading Research Reading Assessment.
Note: See box 2 for definitions of screening accuracy statistics.

Source: Authors’ analysis of school district data for 2012/13.

Table 2. How screening accuracy statistics of the FRA compare with those of
selected commercial math screening assessments

Positive Negative Overall

False False predictive predictive accuracy
Assessment Sensitivity Specificity positive negative power power rate
Acuity A v Vv ) ) Vv v
AIMSweb
A ) v

Discovery Education
Predictive Assessment

EasyCBM

Measures of Academic

Progress A 7 7 N ¥ Nz

lowa Test of Basic Skills

STAR
0 0 0 0

FRA is Florida Center for Reading Research Reading Assessment.

A indicates that the Florida Center for Reading Research Reading Assessment (FRA) predicts math outcomes
slightly better than the commercial screening assessment.

indicates that the FRA predicts math outcomes approximately as well as the commercial screening
assessment.

W indicates that the commercial screening assessment predicts math outcomes slightly better than the FRA.

Note: The range of FRA statistics for grades 3-8 was compared to the range of statistics that each commer-
cial assessment reported.

Source: Authors’ analysis based on National Center on Response to Intervention (2012).

table C3 in appendix C). Almost all the sensitivity, specificity, and negative predictive
power statistics for predicting SAT-10 Reading Comprehension were at or above .80. In
this way the screening accuracy statistics for the FRA were considered better for predicting
the SAT-10 Reading Comprehension than for predicting the SAT-10 Mathematics.



Interpreting screening task scores using a classification and regression tree

A member of the REL Southeast’s Improving Literacy Alliance requested a more trans-
parent explanation of how a screening measure relates to an outcome measure. One com-
monly used analysis for determining screening accuracy (logistic regression) produces a
formula that differentially weights components of the screening assessment and produces
a probability that a student will be at risk or not at risk. By contrast, classification and
regression tree (CART) analyses identify the scores on a screening assessment that serve as
the cutpoint between students who are considered at risk and not at risk.

The alliance member reports that the educators using the data frequently inquire about the
direct relationship between scores on the screening assessment and risk status. Educators
are confused by the weighting process that is used in and the probabilities that come from
logistical regression models. Educators who use screening assessments to inform instruction
may find CART analyses easier to interpret than the currently used probability-of-success
score (though the interpretability of CART analyses can vary depending on the number of
decision rules used; see appendix D). This is because CART analyses specify the cutpoints
on the screening assessment that directly relate to the cutpoint on the outcome test.

The criteria for identifying students as at risk or not at risk can be displayed to practi-
tioners in two ways: a list of criteria or a decision tree. For example, there are three criteria
for identifying grade 4 students as at risk and two criteria for identifying them as not at risk
(figure 1; see appendix E for decision rules for other grades).

A student in grade 4 is likely at risk if his or her:
e Reading comprehension score is between 380 and 437, syntactic knowledge score is
400 or higher, and word recognition score is less than 411 (31 percent of students).
e Reading comprehension score is between 380 and 437 and syntactic knowledge
score is less 400 (12 percent of students).
* Reading comprehension score is less than 380 (3 percent of students).

A student in grade 4 is likely not at risk if his or her:
e Reading comprehension score is 437 or higher (46 percent of students).
¢ Reading comprehension score is 380 or higher, syntactic knowledge score is 400 or
higher, and word recognition score is 411 or higher (9 percent of students).

To use the decision tree in figure 1, an educator would compare a student’s FRA scores to
the cutpoints identified in the CART model for that student’s grade level. Each diamond
represents a decision cutpoint.
e The first cutpoint identifies a group of students who were classified as not at risk.
Forty-six percent of the sample (603 students) were identified as not at risk by
having an FRA reading comprehension score of 437 or higher. In this category 526
students (87 percent) were correctly identified as having an SAT-10 Mathematics
score at or above the 50th percentile.
® The second cutpoint was for students with an FRA reading comprehension score
below 437. If their FRA syntactic knowledge score was below 400, they were classi-
fied as at risk (31 percent of the sample). In this category 306 students (75 percent)
were correctly identified as not having an SAT-10 Mathematics score at or above
the 50th percentile.
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Figure 1. Decision tree for identifying students at risk of scoring below the 50th

A student in grade

percentile on the Stanford Achievement Test, Tenth Edition, Mathematics 4 is likely at risk
of scoring below
46% the 50th percentile
Is FRA reading on the SAT-10
comprehension score Yes Mathematics if
> 437 526/603 his or her reading
comprehension
score is between
380 and 437,
31% syntactic
Is FRA syntactic knowledg:e score is
No knowledge score 400 or higher, and
> word recognition
306/406 > 400 , g
score is less than
Yes 411; reading
comprehension
. score is between
12% e FRA word 380 and 437
S wor ,
m recognition score and syntactic
> 411 knowledge
93/154 score is less
400; or reading
Yes comprehension
score is less
3% 9% than 380
Is FRA reading
No comprehension score Yes
> 380
24/40 87/113

FRA is Florida Center for Reading Research Reading Assessment.

Note: Diamonds represent decision rules, and ovals represent categories of students identified as at risk or
not at risk. The denominator of the fraction is the number of students from the sample who were classified in
that category, and the numerator is the number of students in that category who were correctly identified. The
percentage identifies the proportion of the sample that fell into that category. Percentages do not sum to 100
because of rounding.

Source: Authors’ analysis of school district data for 2012/13.

e The third cutpoint was for students with an FRA syntactic knowledge score of
400 or higher. If their FRA word recognition score was below 411, they were clas-
sified as at risk (12 percent of the sample). In this category 93 students (60 percent)
were correctly classified.

® The fourth cutpoint was for students with an FRA word recognition score above
411. If their FRA reading comprehension score was below 380, they were classified
as at risk (3 percent of the sample). In this category 24 students (60 percent) were
correctly classified.

® The remaining 9 percent of students were classified as not at risk. In this category
24 students (77 percent) were correctly classified.

The percentile ranks associated with these scores on the component skills of reading may
help put these classification profiles into perspective. But the percentile ranks on the FRA
tasks are not expected to line up perfectly with percentile ranks on the SAT-10 because of
differences in norming samples and because of the nature of development of component

8



reading skills. For grade 4 students, an FRA reading comprehension score of 437 is associ-
ated with the 50th percentile of the FRA normative group, an FRA syntactic knowledge
score of 400 is associated with the 38th percentile, an FRA word recognition score of 411
is associated with the 50th percentile, and an FRA reading comprehension score of 380
is associated with the 20th percentile. Thus, the two groups of students not at risk have
at least an average FRA reading comprehension score (above the 50th percentile) or an
FRA reading comprehension score at least at the 20th percentile and no concurrent weak-
nesses in the FRA syntactic knowledge task (scoring above the 38th percentile) and the
FRA word recognition task (scoring above the 50th percentile). These grade 4 students are
likely to meet expectations for the SAT-10 Mathematics.

Profiles of risk in math differ slightly from profiles of risk in reading

Cutpoints on the FRA screening assessment differ depending on student grade level and
whether the outcome is math or reading (see appendix E for the decision tree outputs from
the CART models).

When identifying students at risk of scoring below the 50th percentile on the SAT-10
Mathematics, the score for just one FRA task (reading comprehension) serves as the best
predictor in grades 5, 6, and 7. The decision trees show a simple one-step relationship
between the FRA reading comprehension score and the SAT-10 Mathematics score (see
figures E3—E5 in appendix E). In grade 8 the FRA syntactic knowledge score is most likely
to differentiate students at risk of scoring below the 50th percentile on the SAT-10 Mathe-
matics (see figure E6 in appendix E).

As with grade 4, identifying students at risk of scoring below the 50th percentile on the
SAT-10 Mathematics in grade 3 involves scores for multiple reading skills. Three score
profiles result in a classification of not at risk (see figure El in appendix E). Students are
classified as not at risk if they have an FRA reading comprehension score above 400 or an
FRA reading comprehension score from 330 to 400 and an FRA word recognition score
above 370. Students are also classified as not at risk if their FRA reading comprehension
score is between 360 and 400 and their FRA syntactic knowledge score is above 320. This
shows that a variety of component reading and language skills are important for predicting
math outcomes in the elementary years and that a relative strength in word recognition or
syntax may serve a compensatory function for students with lower reading comprehension
abilities.

The relationship between reading screening assessment and reading outcomes is more
direct than the relationship between reading screening assessment and math outcomes.
When identifying students at risk of scoring below the 50th percentile on the SAT-10
Reading Comprehension, one cutpoint—based on the FRA reading comprehension
score—serves as the best predictor in grades 3—7. The models demonstrate a simple direct
relationship between the FRA reading comprehension score and the SAT-10 Reading
Comprehension score (see figures E7-E11 in appendix E). In grade 8 the profiles for stu-
dents at risk and not at risk are more complex (see figure E12 in appendix E). Grade 8
students with an FRA reading comprehension score below 534 are at risk of receiving an
SAT-10 Reading Comprehension score below the 50th percentile. Students with an FRA
reading comprehension score above 534 and an FRA syntactic knowledge score above 541
are identified as not at risk of receiving an SAT-10 Reading Comprehension score below
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the 50th percentile. If their FRA reading comprehension score is above 534 but their FRA
syntactic knowledge score is below 541, they need an FRA word recognition score above
507 to be categorized as not at risk.

Decision trees vary in both the identification of cutpoints and complexity. Figure 1 shows
a relatively simple decision tree with four decision rules. Frequently, the most accurate
CART model in this sample produced an easy-to-interpret decision tree with four or
fewer decision rules. CART models are designed to balance the need to maintain reason-
able values for the seven accuracy statistics and can sometimes produce a decision tree
that has 10 or more decision rules (see tables D1 and D3 in appendix D), which reduces
interpretability.

Although complex, educators may still implement models with multiple decision rules
because most computer-delivered screening assessments can automate the algorithm to sort
students into at risk and not at risk. Thus, as educators select their models for each grade
and subject, they will have to consider the tradeoffs between simplicity and the balance
of the accuracy statistics. For example, in grade 3 the model that optimized each accuracy
statistic also had an uninterpretable number of decision rules (21; see table D1 in appendix
D). When the CART model for grade 3 was restricted to produce five decision rules, the
overall correct classification rate, negative and positive predictive power, and sensitivity
statistics all declined, and false negatives increased (see table D2 in appendix D). These
tradeoffs in classification accuracy for an improved number of decision rules were relatively
small. For example, in grade 8 the statistics based on false positives (specificity, false pos-
itives, and positive predictive power) were approximately 10 percentage points worse, but
negative predictive power (the statistic that was prioritized) changed little (from .84 to .82).

Members of the REL Southeast Improving Literacy Alliance who value the transparency
of scores may want to accept slightly lower screening accuracy from models with fewer

decision rules.

Implications of the study findings

Findings from this study suggest several implications for the relationship between reading
screening and math outcomes:
e Reading screening assessments can be useful in identifying students who may be
at risk of poor math outcomes.
® The accuracy of reading screening assessments in predicting math outcomes in this
school district is similar to that of other commercial math screening assessments.
® The accuracy of the reading screening assessments in predicting math outcomes
in this school district is similar to its accuracy in predicting reading outcomes.

In short, this school district, which is already screening its students for risk in reading can
use the FRA to identify risk in math and thereby reduce the amount of time spent on
universal screening.

The results suggest that students’ ability in different reading component skills (such as text
comprehension, sentence comprehension, vocabulary, and word recognition) are import-
ant not only for reading and language arts teachers, but also for math teachers to under-
stand how to best help students achieve important outcomes. By providing actionable
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information to both reading and math teachers and by integrating literacy in math, schools
may be able to improve overall instruction.

Integrating literacy instruction with solid content area instruction is recommended for sec-
ondary schools (Biancarosa & Snow, 2006). The same research suggests that integrating
explicit literacy instruction when reading subject-specific texts results in greater improve-
ments in students’ content knowledge and comprehension. Content area teachers (such as
math teachers) can also use information about students’ literacy skills to identify situations
where students may need more support.

For example, a school leader could meet with grade 6 language arts and math teachers to
analyze the comprehension and language skills needed for success in reading comprehen-
sion (see figure E10 in appendix E) and math outcomes (see figure E4 in appendix E). The
language arts teachers might already provide differentiated support to students who are
at risk in reading comprehension (scoring below 487 on the FRA reading comprehension
task). The language arts teachers can work with math teachers to understand the type
of supplemental or differentiated support the students at risk of poor reading outcomes
and the students at risk of poor math outcomes need when working with math text and
in understanding verbal interactions (such as class lectures). The use of similar text and
language strategies for all texts (not just texts encountered in language arts class) could
improve students’ academic skills, reinforce the reading skills required for both language
arts and math classes, and ultimately improve students’ ability to demonstrate on outcome
tests their understanding of the content they need to master.

Schools might also consider conducting a cost-benefit analysis of administering a math
screening assessment in addition to the reading screening assessment. Previous research
demonstrates that the best prediction of math outcomes is reached when a reading and
math screening assessment are used together (Codding et al., 2014; Jiban & Deno, 2007).
Regardless of which assessments are administered, teachers need more information specific
to a student’s math skills to guide math instruction once that student is identified as at risk.
This study provides logistically appealing possibilities—one type of screening assessment
that is already widely administered (a reading screening assessment) could also be used to
identify students at risk in math. However, there are important limitations to the general-
izability of these outcomes as well as considerations for the application of this conclusion.

Limitations of the study

Previous studies have found that scores on a reading screening assessment are more strong-
ly related to math outcomes than scores on a math screening are (Codding et al., 2014;
Jiban & Deno, 2007), but the current study cannot make the same claim. The previous
studies used different types of screening assessments (curriculum-based measures) for both
reading and math and administered both reading and math screening assessments at the
same time. The current study used a different type of screening assessment and did not
include a math screening assessment. Since the current study does not directly compare a
math screening assessment with the FRA in the same sample, another math assessment
may provide a better prediction of math outcomes and provide unique information regard-
ing math achievement. A math screening assessment may also accurately identify students
at risk in math who are not identified by the reading screening assessment. The lack of
math-specific information in the current study also limits the utility of the findings for
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math instruction. The results do not suggest that math teachers should focus on reading
skills to the detriment of the quality, depth, breadth, or amount of time spent in math
instruction. Further diagnostic assessment or curriculum-embedded assessment of math is
necessary to guide math instruction for students who are identified as at risk.

Universal screening is conceptualized in this study as a process by which schools identi-
fy students who may need differentiated instruction, supplemental instruction, or more
individualized feedback within the core curriculum. The results of this study are targeted
toward those types of instructional decisions and are not intended to support high-stakes
decisions such as special education classification, retention, or any other removal from the
general education curriculum. This study does not empirically evaluate the practical impli-
cations and potential misunderstanding of screening data by practitioners.

In addition, the models in this study may not generalize to other schools. The degree of
screening accuracy and the cutpoints in CART models vary depending on the percentage
of students scoring at or above the 50th percentile on the SAT-10 or the sample’s demo-
graphics (Schatschneider et al., 2008). Other unmeasured factors may affect the variation
in cutpoints. A school or school district that uses a reading screening assessment with
decision rules (CART models) to identify students at risk in other subjects should tailor
the models to the school or school district population and not use the cutpoints identified
in this report. This study provides a precedent for exploring the predictive accuracy of
other screening assessments predicting cutpoints on other important outcomes.

If this study is used for educator training purposes, it is important for trainers to clearly
define the purpose of the screening assessment and emphasize that using a reading screen-
ing assessment as a general academic gauge is not intended to reduce content-directed
instruction or replace content-specific diagnostic measures. Students identified as at risk
on the math outcome require diagnostic math screening assessments to help guide supple-
mental or intensive instruction and intervention.

Finally, the CART figures in this report provide another option for addressing a per-
ceived lack of transparency in assessment results. Though CART analyses may be a more
user-friendly approach, no empirical evaluation has been conducted that compares CART
analyses with other methods (such as logistic regression) for interpretability by educators.
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Appendix A. Study methodology

The study team used classification and regression tree (CART) analyses to evaluate the
research questions because they produce a decision tree that explicitly illustrates the rela-
tionship between screening scores and outcomes. They also yield statistics on the accuracy
of screening assessments that show the percentages of students correctly and incorrectly
identified as at risk based on the particular specification of the CART model.

Before conducting the CART analyses, the dataset (see box 1 in the main report) was
analyzed for missing data to reduce or eliminate potential biases. Significant results from
Little’s missing completely at random test (p = .000) indicated that missing data were not
missing completely at random, but the study team determined that the missing data could
be assumed to be missing at random because the reason for missing data (absences) was
unrelated to performance on the measures used in the study. To address the missing data,
SAS 94 software multiple imputation was used to create a dataset with complete cases
for all variables. Currently, the research literature offers no recommended procedure for
analyzing and summarizing classification trees generated from multiple imputed files. So a
conservative 20,000 imputations were conducted, and the mean imputed value was used
for each missing value.

CART analyses classify individuals into mutually exclusive subgroups of a population
using a nonparametric approach that results in a decision tree. The subgroup splits in
CART analyses are determined by a software program (R software, rpart package; Ther-
neau & Atkinson, 2013) that is set to reduce the model relative error and simultaneously
improve model fit. CART analyses use an exhaustive subgroup comparison to identify the
predictors (tasks) and predictor levels (scores on the tasks) that best split the sample into
the most homogeneous subgroups of students identified as at risk or not at risk based on
observed scores.

For this study, CART analyses classified students as at risk or not at risk on the basis of
individual performance of each Florida Center for Reading Research Reading Assessment
(FRA) task at every possible cutpoint. To ensure a parsimonious model, several specifi-
cations were used to limit the number of splits. Guided by Compton et al. (2006), the
analyses specified a stopping rule of a minimal parent node size of three students. In addi-
tion, the number of splits was limited by specifying a minimum reduction in the relative
error (approximately equivalent to 1-R?), identified after running a base model with no
minimum specified. Each grade-based model included tenfold cross validation to evalu-
ate the quality of the decision tree and determine the appropriate minimum complexity
parameter (Breiman, Freidman, Olshen, & Stone, 1984). The recommended minimum
standard for complexity parameters is a cross-validation relative error less than one stan-
dard error above the minimum cross-validation relative error (Therneau, Atkinson, &

Ripley, 2013.)

This study team intended to build and prune CART models to maximize the negative
predictive power to as close to .90 as possible without allowing specificity to fall lower
than most commercial math screening assessments (.68). To accomplish this, a loss matrix
was specified in each model that added weights to specific classification categories. To
increase the negative predictive power, weights were set to reduce false negatives. Each
grade-based model included tenfold cross validations to evaluate the quality of the decision
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tree and determine the appropriate minimum complexity parameter (Breiman et al., 1984).
A recommended minimum standard is the value of the complexity parameter that results
in a cross-validation relative error of less than one standard error above the minimum
cross-validation relative error (Therneau et al., 2013).
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Appendix B. Descriptive statistics

This appendix provides the number and percentage of students in the sample meeting
expectations on the Stanford Achievement Test, Tenth Edition (SAT-10), Reading Com-
prehension and Mathematics (table Bl), the means and standard deviations for Florida
Center for Reading Research Reading Assessment (FRA) scores and SAT-10 Reading
Comprehension and Mathematics scores (table B2), and correlations between FRA task
scores and SAT-10 Reading Comprehension and Mathematics scores (table B3).

Table B1. Students meeting expectations on the Stanford Achievement Test, Tenth
Edition, Reading Comprehension and Mathematics

Reading comprehension Mathematics

Grade Number Percent Number Percent
3 970 70 870 63

4 880 67 787 60

5 881 65 956 70

6 624 51 456 38

7 640 51 548 44

8 715 57 600 48
Total 4,710 4,217

Source: Authors’ analysis of school district data for 2012/13.

Table B2. Means and standard deviations for scores on FRA tasks and Stanford
Achievement Test, Tenth Edition, Reading Comprehension and Mathematics scores

Stanford Achievement Test,
FRA Tenth Edition

Reading Syntactic Vocabulary Word
comprehension  knowledge knowledge recognition Reading
comprehension Mathematics

513 104 490 91 519 74 522 91 677 36 675 41
552 125 507 107 549 73 510 100 686 33 686 37

FRA is Florida Center for Reading Research Reading Assessment. SD is standard deviation.

Source: Authors’ analysis of school district data for 2012/13.
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Table B3. Correlations between FRA task scores and Stanford Achievement Test, Tenth
Edition, Reading Comprehension and Mathematics scores, by grade level

SAT-10 Reading SAT-10
Grade and score Comprehension score Mathematics score
Grade 3
SAT-10 Reading Comprehension —
SAT-10 Mathematics .66* —
FRA reading comprehension 73%* .B62%*
FRA syntactic knowledge AT* A43*
FRA vocabulary knowledge .B5* AT*
FRA word recognition 40%* .39%*
Grade 4
SAT-10 Reading Comprehension —
SAT-10 Mathematics .66* —
FRA reading comprehension .70* .63*
FRA syntactic knowledge .53* .50*
FRA vocabulary knowledge A1* 37*
FRA word recognition A41* 43*
Grade 5
SAT-10 Reading Comprehension —
SAT-10 Mathematics .68* —
FRA reading comprehension T2% .66*
FRA syntactic knowledge 59* 54x*
FRA vocabulary knowledge .58* 49%*
FRA word recognition 45% .39%
Grade 6
SAT-10 Reading Comprehension —
SAT-10 Mathematics .65* —
FRA reading comprehension 72* .65*
FRA syntactic knowledge BT* .50*
FRA vocabulary knowledge 52* A41*
FRA word recognition AT* 43*
Grade 7
SAT-10 Reading Comprehension —
SAT-10 Mathematics .64%* —
FRA reading comprehension .65%* .65%*
FRA syntactic knowledge 58* b1*
FRA vocabulary knowledge A45% A41*
FRA word recognition A43* .39%*
Grade 8
SAT-10 Reading Comprehension —
SAT-10 Mathematics .62* —
FRA reading comprehension B67* .64*
FRA syntactic knowledge .B61* .56*
FRA vocabulary knowledge AT* A42*
FRA word recognition A8%* AT*

* Significant at p < .01.
SAT-10 is Stanford Achievement Test, Tenth Edition. FRA is Florida Center for Reading Research Reading Assessment.
Note: Correlations are based on data from all students in the grade level.

Source: Authors’ analysis of school district data for 2012/13.
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Appendix C. Comparing screening accuracy statistics

This appendix provides accuracy statistics to facilitate comparison of commercial math
screening assessments (table C1) with the Florida Center for Reading Research Reading
Assessment (FRA) for math outcomes (table C2) and of the FRA predicting math out-
comes with the FRA predicting reading comprehension outcomes (table C3).

Table C1. Accuracy statistics of commercial math screening assessments

Positive Negative Overall

False False predictive predictive accuracy
Assessment Sensitivity Specificity positive negative power power rate
Acuity .57-.65 .86-.95 .05-.14 .35-.44 .10-.53 .93-.99 .83-.93
AIMSweb 77-.83 .68-.82 .18-.32 .15-.25 .21-.56 .93-.97 .70-.82

Discovery Education
Predictive Assessment .81-.94 .57-.83 .16-.43 .06-.19 .49-.93 .75-.96 .73-.90

EasyCBM .78-.93 .65-.85 .15-.35 .07-.22 .35-.76  .85-.98 .72-.85
Measures of Academic

Progress .63-.81 .89-94 .06-.11 .22-.40 .65-.76 .88-95 .84-.91
lowa Test of Basic Skills .39-74  .86-.94 .03-.14 .26-.61 41-.93 .64-.96 .70-.87
STAR .75 74-79 .21-.26  .25-.26 .47-.59 .88-.91 J5-77

Note: Includes math screening assessments that have screening accuracy statistics reviewed by the National
Center on Response to Intervention.

Source: National Center on Response to Intervention, 2012.
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Table C2. Screening accuracy statistics on how well FRA task scores identify
students at risk of scoring below the 50th percentile of Stanford Achievement Test,
Tenth Edition, Mathematics scores

Positive Negative Overall
False False predictive  predictive accuracy
Sensitivity Specificity positive negative power power rate
3 .84 .74 .26 .16 .66 .89 .78
4 .86 74 .25 .14 .69 .89 .79
5 .84 .73 .25 .14 .69 .89 .79
6 .84 .73 .27 .16 .58 91 .76
7 .84 .68 .32 .16 a7 a7 a7
8 .86 .80 .20 14 .82 .84 .83

FRA is Florida Center for Reading Research Reading Assessment.

Source: Authors’ analysis of school district data for 2012/13.

Table C3. Screening accuracy statistics on how well FRA task scores identify
students at risk of scoring below the 50th percentile of Stanford Achievement Test,
Tenth Edition, Reading Comprehension scores

Positive Negative Overall

False False predictive  predictive accuracy
Grade Sensitivity Specificity positive negative power power rate
3 72 .86 14 .28 .69 .87 .82
4 .80 .83 A7 .20 .67 91 .82
5 .80 .82 .18 .20 71 .88 .81
6 .81 .88 12 .19 .87 .82 .85
7 .87 .73 27 .13 .75 .85 .79
8 .81 .85 .15 .19 .80 .86 .83

FRA is Florida Center for Reading Research Reading Assessment.

Source: Authors’ analysis of school district data for 2012/13.
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Appendix D. Increasing the transparency of screening accuracy decisions

The goal of a screening assessment is to accurately predict an end-of-year outcome. Some-
times, the highest accuracy also results in a classification and regression tree (CART)
model with so many decision rules that it cannot be easily interpreted. The number of
decision rules can be reduced to a more easily interpreted model, though this can result in
poorer screening accuracy statistics. Tables D1 and D3 provide screening accuracy statis-
tics for the models with the best screening accuracy statistics; tables D2 and D4 provide
screening accuracy statistics for the models that reduce the number of decision rules to five
or fewer. The screening accuracy statistics in table D1 for grades 3, 4, 7, and 8 are closer to
desired values than the screening accuracy statistics in table D2; however, the number of
decision rules is easier to interpret in the model for table D2 than in the model for table
DI. The pattern is similar (with different grade levels) in tables D3 and D4.

Table D1. Screening accuracy statistics for the models with the best screening
accuracy statistics when using FRA task scores to identify students at risk of
scoring below the 50th percentile of Stanford Achievement Test, Tenth Edition,
Mathematics scores

Positive Negative Overall Number of
False False predictive predictive accuracy decision
Grade Sensitivity Specificity positives negatives power power rate rules
3 .84 74 .26 .16 .66 .89 .78 21
4 .86 .74 .25 .14 .69 .89 .79 8
5 .84 .73 .25 .14 .69 .89 .79 1
6 .84 .73 27 .16 .58 91 .76 1
7 .79 77 .23 .21 .81 74 .78 5
8 .86 .80 .20 .14 .82 .84 .83 9

FRA is Florida Center for Reading Research Reading Assessment.

Source: Authors’ analysis of school district data for 2012/13.

Table D2. Screening accuracy statistics for the models that reduce the number
of decision rules to five or fewer when using FRA task scores to identify students
at risk of scoring below the 50th percentile of Stanford Achievement Test, Tenth
Edition, Mathematics scores

Positive Negative Overall Number of
False False predictive predictive accuracy decision
Grade Sensitivity Specificity positives negatives power power rate rules
3 a7 73 .27 .23 .63 .84 .75 5
4 .80 .78 .22 .20 71 .86 .79 4
5 .84 .73 .25 14 .69 .89 .79 1
6 .84 73 .27 .16 .58 91 .76 1
7 .85 .70 31 14 .76 .82 .78 1
8 .86 .70 .30 .14 .76 .82 .78 1

FRA is Florida Center for Reading Research Reading Assessment.

Source: Authors’ analysis of school district data for 2012/13.
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Table D3. Screening accuracy statistics for the models with the best screening
accuracy statistics when using FRA task scores to identify students at risk of
scoring below the 50th percentile of Stanford Achievement Test, Tenth Edition,
Reading Comprehension scores

Positive Negative Overall Number of
False False predictive predictive accuracy decision
Grade Sensitivity Specificity positives negatives power power rate rules
3 72 .86 14 .28 .69 .87 .82 3
4 .80 .83 A7 .20 .67 91 .82 3
5 .80 .82 .18 .20 71 .88 .81 1
6 .81 .88 12 .19 .87 .82 .85 11
7 .87 .73 .27 .13 .75 .85 .79 7
8 .81 .85 .15 .19 .80 .86 .83 11

FRA is Florida Center for Reading Research Reading Assessment.

Source: Authors’ analysis of school district data for 2012/13.

Table D4. Screening accuracy statistics for the models that reduce the number
of decision rules to five or fewer when using FRA task scores to identify students
at risk of scoring below the 50th percentile of Stanford Achievement Test, Tenth
Edition, Reading Comprehension scores

Positive Negative Overall Number of
False False predictive predictive accuracy decision
Grade Sensitivity Specificity positives negatives power power rate rules
3 .82 a7 .23 .18 .60 91 .78 1
4 .80 .83 A7 .20 .67 91 .82 1
5 .80 .82 .18 .20 71 .88 .81 1
6 .80 79 21 .20 .80 .80 .80 1
7 .87 .66 .34 .13 71 .84 .76 1
8 .87 72 .28 .13 .70 .88 .79 3

FRA is Florida Center for Reading Research Reading Assessment.

Source: Authors’ analysis of school district data for 2012/13.
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Appendix E. Decision trees for each grade level

This appendix provides decision trees for using Florida Center for Reading Research
Reading Assessment (FRA) scores to identify students at risk of scoring below the 50th
percentile of Stanford Achievement Test, Tenth Edition, Mathematics or Reading Com-
prehension scores. The models balance the need to maintain interpretability with the need
to maintain acceptable levels of screening accuracy (see tables D2 and D4 in appendix
D for screening accuracy statistics). In the figures diamonds represent decision rules, and
ovals represent categories of students identified as at risk or not at risk. The denominator of
the fraction is the number of students from the sample who were classified in that category,
the numerator is the number of students in that category who were correctly identified,
and the percentage identifies the proportion of the sample that fell into that category.

Figure E1. Decision tree for grade 3 math predictions

39%
Is FRA reading
comprehension score Yes M
> 400
485/546
23%
N Is FRA reading
0 comprehension score
>
237/320 > 330
Yes
12%
Is FRA word
recognition score Yes M
> 370
121/169
13%
Is FRA reading
m No comprehension score
> 360
103/180
Yes
10% 3%
At risk R lNl¢ ,lﬁon’jé(fggtsggr% — Yes —- I\ o] = 1ME]
> 320
64/140 36/49

FRA is Florida Center for Reading Research Reading Assessment.

Note: Uses FRA task scores to identify grade 3 students at risk of scoring below the 50th percentile on the
Stanford Achievement Test Mathematics, Tenth Edition.

Source: Authors’ analysis of school district data for 2012/13.
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Figure E2. Decision tree for grade 4 math predictions

46%
Is FRA reading
comprehension score Yes M
> 437
526,/603
31%
N Is FRA syntactic
0 knowledge score
>
306/406 > 400
Yes
12%
Is FRA word
m recognition score
>411
93/154
Yes
3% 9%
Is FRA reading
> 380
24/40 87/113

FRA is Florida Center for Reading Research Reading Assessment.

Note: Uses FRA task scores to identify grade 4 students at risk of scoring below the 50th percentile on the
Stanford Achievement Test Mathematics, Tenth Edition. Percentages do not sum to 100 because of rounding.

Source: Authors’ analysis of school district data for 2012/13.

Figure E3. Decision tree for grade 5 math predictions

44% 56%
. Is FRA reading .
(L <— No comprehension score_aalCilmg NOt at risk
> 462
350/608 702/769

FRA is Florida Center for Reading Research Reading Assessment.

Note: Uses FRA task scores to identify grade 5 students at risk of scoring below the 50th percentile on the
Stanford Achievement Test Mathematics, Tenth Edition.

Source: Authors’ analysis of school district data for 2012/13.
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Figure E4. Decision tree for grade 6 math predictions

68% 32%
Is FRA reading
m No comprehension score Yesw
> 531
689/873 302/402

FRA is Florida Center for Reading Research Reading Assessment.

Note: Uses FRA task scores to identify grade 6 students at risk of scoring below the 50th percentile on the
Stanford Achievement Test Mathematics, Tenth Edition.

Source: Authors’ analysis of school district data for 2012/13.

Figure E5. Decision tree for grade 7 math predictions

62% 38%
Is FRA reading
m No comprehension score Yesw
> 545
613/801 372/483

FRA is Florida Center for Reading Research Reading Assessment.

Note: Uses FRA task scores to identify grade 7 students at risk of scoring below the 50th percentile on the
Stanford Achievement Test Mathematics, Tenth Edition.

Source: Authors’ analysis of school district data for 2012/13.

Figure E6. Decision tree for grade 8 math predictions

59% 41%
Is FRA syntactic
> 526
586/773 436/529

FRA is Florida Center for Reading Research Reading Assessment.

Note: Uses FRA task scores to identify grade 8 students at risk of scoring below the 50th percentile on the
Stanford Achievement Test Mathematics, Tenth Edition.

Source: Authors’ analysis of school district data for 2012/13.

Figure E7. Decision tree for grade 3 reading predictions

41% 59%
Is FRA reading
m No comprehension score Yesw
> 360
349/579 749/825

FRA is Florida Center for Reading Research Reading Assessment.

Note: Uses FRA task scores to identify grade 3 students at risk of scoring below the 50th percentile on the
Stanford Achievement Test Reading Comprehension, Tenth Edition.

Source: Authors’ analysis of school district data for 2012/13.
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Figure E8. Decision tree for grade 4 reading predictions

43%
Is FRA reading }
m No comprehension score Not at risk
> 420
352/568 668/748

FRA is Florida Center for Reading Research Reading Assessment.

Note: Uses FRA task scores to identify grade 4 students at risk of scoring below the 50th percentile on the
Stanford Achievement Test Reading Comprehension, Tenth Edition.

Source: Authors’ analysis of school district data for 2012/13.

Figure E9. Decision tree for grade 5 reading predictions

40% 60%
Is FRA reading
m No comprehension score Yesw
> 453
394/556 724/821

FRA is Florida Center for Reading Research Reading Assessment.

Note: Uses FRA task scores to identify grade 5 students at risk of scoring below the 50th percentile on the
Stanford Achievement Test Reading Comprehension, Tenth Edition.

Source: Authors’ analysis of school district data for 2012/13.

Figure E10. Decision tree for grade 6 reading predictions

50% 50%
Is FRA reading
m No comprehension score Yesw
> 487
509/640 506/635

FRA is Florida Center for Reading Research Reading Assessment.

Note: Uses FRA task scores to identify grade 6 students at risk of scoring below the 50th percentile on the
Stanford Achievement Test Reading Comprehension, Tenth Edition.

Source: Authors’ analysis of school district data for 2012/13.

Figure E11. Decision tree for grade 7 reading predictions

60% 40%
Is FRA reading
m No comprehension score Yesw
> 534
548/767 433/517

FRA is Florida Center for Reading Research Reading Assessment.

Note: Uses FRA task scores to identify grade 7 students at risk of scoring below the 50th percentile on the
Stanford Achievement Test Reading Comprehension, Tenth Edition.

Source: Authors’ analysis of school district data for 2012/13.
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Figure E12. Decision tree for grade 8 reading predictions

46%
Is FRA reading
m No comprehension score
> 534
440/600
Yes
32%
Is FRA syntactic v
knowledge score es
>
> 541 398/419
8% 14%
Is FRA word
> 507
56/104 129/179

FRA is Florida Center for Reading Research Reading Assessment.

Note: Uses FRA task scores to identify grade 8 students at risk of scoring below the 50th percentile on the
Stanford Achievement Test Reading Comprehension, Tenth Edition.

Source: Authors’ analysis of school district data for 2012/13.
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