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The purpose of this study was to investigate predicting student success on one 

example of a “high stakes” test, the Texas Assessment of Academic Skills Exit Level 

Exam.  Prediction algorithms for the mathematics, reading, and writing portions of the 

test were formulated using SPSS® statistical software.  Student data available on all 440 

students were input to logistic regression to build the algorithms.  Approximately 80% of 

the students’ results were predicted correctly by each algorithm.  The data that were most 

predictive were the course related to the subject area of the test the student was taking, 

and the semester exam grade and semester average in the course related to the test. 

The standards of success or passing were making a 70% or higher on the 

mathematics, 88% or higher on the reading, and 76% or higher on the writing portion of 

the exam.  The higher passing standards maintained a pass/fail dichotomy and simulate 

the standard on the new Texas Assessment of Knowledge and Skills Exit Level Exam.  

The use of the algorithms can assist school staff in identifying individual students, not 

just groups of students, who could benefit from some type of academic intervention. 
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CHAPTER 1 
 

INTRODUCTION 
 
In the early 1990s some Texas high schools offered a class called Texas 

Assessment of Academic Skills (TAAS) Review for Math.  At that time credit for 

remedial classes counted toward graduation.  The TAAS Review class was made up of 

12th grade students who had not met the standard of the mathematics portion of the TAAS 

test, a criterion-referenced test administered by the Texas Education Agency.  Meeting 

the standard on all portions of the TAAS test was a requirement for graduation. 

Students assigned to this first TAAS Review class did not understand why they 

were there, but upon reflection on what was at stake for them, they became glad they 

were in the class.  For example, one of the students had correctly answered at most 15 out 

of the 60 questions on any of her several attempts at the math portion of the TAAS test, 

whereas 42 correct answers out of 60 were needed to pass the test.  Consequently, she 

was in jeopardy of not graduating from high school.  While taking the class, she made 

improvement on the October test, improved even more on the February administration, 

and was left one more chance to pass the TAAS in May before her class graduated.  Her 

final score was 41out of the needed 42 correct responses, so she did not graduate with her 

class.  On taking the exam again during the summer administration, she finally passed the 

test and received her diploma.  Walking across the stage and receiving a diploma is a 

major event for high school students and their families.  She had come so far, but could 

not graduate with her class because she had not met the standard by one question. 

1 1



 A similar story was reported by Sacks (1999): 

A week before Kelly’s high school graduation day in the spring 1997, her mother, 

Mary Santos, was teaching in her Spanish classroom (in San Antonio, Texas) 

when Kelly came through the door.  Results from Kelly’s spring TAAS exam, her 

final attempt to pass the math section as a regular high school student, had finally 

arrived.  Mary was in the middle of teaching when Kelly broke the news, sobbing.  

Again, on her sixth attempt, Kelly had failed to meet the requisite cutoff score. . . .  

Kelly remains haunted by her first sight of the other TAAS repeaters when she 

drove to Region 20 [a regional education service center] in the summer 1997.  

Like Kelly, they were mostly African American and Mexican American, many 

over the age of twenty-one. (p. 115) 

The two stories above illustrate high stakes testing.  “High-stakes” testing is a 

topic found in recent educational literature and the press.  It elicits a range of emotions 

both in and out of educational circles.  Students, teachers, and principals are affected by 

the high-stakes testing environment.  Whether one likes it or not, accountability 

assessment is here now, and it must be dealt with.   

Critics have argued, however, that “the stakes of testing are too high:  too high for 

students whose futures depend on a score, too high for teachers and principals whose 

careers and salaries are tied to those scores” (Cavicchi, Hughes-McDonnell, & Lucht, 

2001, p. 28).  Proponents for and against testing will always exist, but for now and the 

immediate future testing will be emphasized nationally because of the No Child Left 

Behind Act of 2001. 
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In this chapter, the purpose of the study is developed.  First, high-stakes testing is 

defined, the No Child Left Behind Act (2001) briefly discussed, and Texas Assessment of 

Academic Skills explained.  Next, the need for predicting student performance using a 

predictor model so that schools can help students more effectively is examined.  The 

purpose, problem statement, research questions, and significance of the study are then 

stated.  Finally, definitions are given, along with assumptions and limitations of the 

study. 

High-Stakes Testing–Definition 

High-stakes tests were defined in A Lexicon of Learning as  

tests used to determine which individual students get rewards, honors, or 

sanctions.  Low-stakes tests are used primarily to improve student learning.  Tests 

with high stakes attached include college entrance examinations and tests students 

must pass to be promoted to the next grade.  Tests affecting the status of schools, 

such as those on which a given percentage of students must receive a passing 

grade, are also considered high stakes. (Association for Supervision and 

Curriculum Development, n.d.)    

Clarke, Haney, and Madaus (2000) defined high-stakes tests as “those used as a basis for 

entrance to kindergarten, for promotion to the next grade, for graduation, to determine 

teachers’ and schools’ effectiveness, and more” (p. 1). According to the National Center 

for Policy Analysis (n.d.), “There are a growing array of tests that educators describe as 

‘high stakes’ – standardized tests that solely or in combination with grades decide 

whether a student graduates or advances to the next grade level” (p. 1).  Popham (2001) 
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wrote, “Denying a diploma to a high school student on the basis of that student’s score on 

a single test created a whole new set of rules for educational measurement.  Penny-ante 

assessment was . . . over: high-stakes testing had arrived” ( p.5). 

Steindorf (2002) noted that 

state exams have become the norm for American public schools.  And there’s 

good reason they are known as “high stakes” tests: The results determine whether 

a student will graduate or a teacher will receive a raise, and in the case of Florida, 

whether a teacher or a school will be placed on probation. 

 Texas students have had to pass an exit-level examination to graduate from high 

school since 1984.  This practice has been criticized.   

The use of TAAS scores in isolation to control awarding of high school diplomas  

(or for that matter use of any test results to make high stakes decisions about  

individuals or institutions) is contrary both to professional standards regarding 

 testing and to sound professional practice. (Haney, 2000) 

The exit level examination has been made more rigorous over time by increasing the 

grade level content to be mastered and by increasing the emphasis on higher order 

thinking skills. 

Many of the changes in assessment rigor occurred while George W. Bush was 

governor of Texas.  Bush stated in an interview with Michael Carey (2001) that, “without 

yearly testing, too often we don’t find failure until it is too late to fix.  And a parent says 

‘Who do I hold accountable.’”   Testing also is deeply embedded in the President’s plan, 

No Child Left Behind (2001).  “President Bush modeled his plan on the success of the 
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Texas testing-and-accountability strategy, which has enjoyed strong bipartisan support 

over the past dozen or so years” (Ravitch, 2001, p. 40). 

No Child Left Behind Act 

The No Child Left Behind Act (Public Law 107-110) (NCLB) was signed on 

January 8, 2002.  The 669-page act extended and revamped programs that were in place 

from the Elementary and Secondary Education Act (1965).  “The objectives of the law 

are bold and inspiring–to ensure that all children become proficient in reading, 

mathematics, and science and to close the achievement gap” (Center on Education Policy, 

2003, p. 3).  The new act required school districts to do more with test data.  Test scores 

had to be raised and achievement gaps closed. 

Part A (Improving Basic Programs Operated by Local Educational Agencies) 

Subpart 1 (Basic Program Requirements) of the No Child Left Behind Act (2001) 

outlined the federal expectations.  Section 1111 described the plans that states must have 

to show they are implementing challenging academic standards.  It also required that each 

state plan show that the state has developed and is implementing a statewide 

accountability system to ensure that all local education agencies and public schools make 

adequate yearly progress. 

The No Child Left Behind Act (2001) defined “adequate yearly progress” in part 

as the progress of elementary schools and secondary schools on “separate measurable 

annual objectives for continuous and substantial improvement for each of the following” 

subgroups:  “economically disadvantaged students, students from major racial and ethnic 

groups, students with disabilities, and students with limited English proficiency” (No 
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Child Left Behind Act of 2001).  The act requires states to establish measurable 

objectives, goals for yearly progress, and a timeline for implementation.  States shall 

measure proficiency of students through an assessment given to all children of the state.  

In Part A-Subpart 1-SEC.1111.b.3.C.v “such assessments shall measure the proficiency 

of students in, at a minimum, mathematics and reading or language arts, and be 

administered not less than once during—grades 3 through 5, grades 6 through 9, and 

grades 10 through 12” (No Child Left Behind Act of 2001).  A state’s failure to 

implement an appropriate testing program could result in a loss of federal funds. 

In addition to the possible state-level sanctions, NCLB includes sanctions for 

school districts and schools whose students do not perform well on the tests.   

Schools that fail to make adequate progress for five consecutive years must be  

restructured through reopening as a charter school, replacement of most or all of  

the school staff, state takeover of school operations, or other major reorganization  

of school governance. (Voke, 2002, p. 3) 

Some schools and school districts have been graded each year and labeled in 

many ways, and with the enactment of the No Child Left Behind Act (2001), they will 

continue to be.  For example, Phi Delta Kappan and Education Week do a survey of the 

public’s perceptions about schools in general, and local schools and some states, such as 

Texas, have statewide school evaluation systems.  The No Child Left Behind Act assures 

that all public schools in the United States will be evaluated and labeled with a common 

system based on students’ performance on statewide tests.  There has been considerable 

debate in the press, in educational journals, and among policymakers about the validity of 
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grading schools, and issue of accountability is an emotional one (Amrein & Berliner, 

2002a; Holcomb, 1999; Kohn, 2000; Linn, 2000; Olson, 2003a).  Although schools and 

teachers are accountable, the main stakeholder in high-stakes testing is the student.  For 

the secondary student, the stakes are high: Will I graduate or not?  In the lower grades, 

stakes for students have not been as high, because test scores did not determine 

promotion to the next grade.  But this has the potential to be changed, and in some areas 

promotion in the lower grades is tied to performance on standardized tests.  For example, 

in Texas, those in third grade for the 2002-2003 school year had to meet the standard on 

the third grade state assessment in reading to be promoted to the fourth grade (Texas 

Education Agency [TEA], 2002a).  For the first administration of the third grade reading 

assessment, 89% met the standard on the English version, whereas 82% met the standard 

on the Spanish version (TEA, 2004).  Students who did not meet the standard had 

additional opportunities to take the assessment.   

With such high stakes for students at various grade levels, schools must look for 

better ways to assist students to be successful both in the classroom and on the test.  “We 

must not forget that the first purpose of assessment is to improve student learning—one 

student at a time.  And we must also remember that students hear the news and see the 

headlines too” (Holcomb, 1999, p. 109).  High-stakes testing may also be part of an 

assessment process that improves student achievement. 

Texas Assessment of Academic Skills 

The Texas Assessment of Academic Skills (TAAS) exam, a criterion-referenced 

exam, was the academic measure of students and schools in Texas until spring 2002.  The 
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TAAS exams given in February 2002 represented the last administration of the fourth 

version of assessments in a series of assessment evolution in Texas.  The first assessment 

given in Texas in 1979 was the Texas Assessment of Basic Skills (TABS).   

Although TABS was not a “diploma-denial test,” 9th grade students who did not  

pass it were required to retake the examination each year thereafter while in  

school until they met the standard of the assessment.  Because results were  

reported, the TABS test was the beginning of “high stakes” accountability for  

schools districts. (TEA, 2002c) 

The next assessment, the Texas Educational Assessment of Minimum Skills (TEAMS), 

began in 1984.  This assessment was more rigorous than TABS and was a high school 

graduation requirement.  The exit-level TEAMS assessment was administered to 11th 

graders.  Rigor was again increased with the implementation of Texas Assessment of 

Academic Skills (TAAS) in 1990.  This 11th grade assessment also was a graduation 

requirement, and the test was more rigorous in content and in reading level than its 

predecessor. In 1993 the exit-level TAAS assessment was moved to 10th grade.  Also, in 

1993, the passing standard on the assessment and all future ones was set to be equivalent 

to 70% of the 1990 exit-level assessment.  This version of TAAS was different from the 

original, not just because the passing standard was linked to the 1990 administration.  The 

curriculum was becoming more vertically aligned, and with test objectives being broad, 

the changing curriculum could be integrated into the test so that rigor rose again.  The last 

administration of TAAS was in spring 2002.  Spring 2003 saw the first administration of 

the current assessment, Texas Assessment of Knowledge and Skills (TAKS).  This 
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assessment is the most rigorous to date.  The exit-level exam has been returned to the 11th 

grade, and the criteria content of the TAKS is closer to grade level than was TAAS (TEA, 

2002b). 

Students were given their first opportunity to take the Exit Level TAAS test in 

February/March of their sophomore year from 1993 to 2002.  Those who did not pass one 

of the three subject matter sections of the exam took that section again at the next test 

administration and continued to retake until meeting the standard of that section. 

 The three sections of the exam were writing, mathematics, and reading.  Writing 

was closely aligned to the English curriculum, so the content was covered in English 

classes.  Mathematics and reading exit-level exams did not align well with the high 

school curriculum.  The normal or advanced tracks in math generally did not cover the 

specific items found on the exit-level exam.  Students were taking a curriculum beyond 

the level measured by the exam.  In theory, advanced students would be able to perform 

well on the math portion because they had learned content in the lower grades; 

unfortunately, this was not always the case.  Therefore, even in the higher level classes, 

teachers felt compelled to add review material to their curriculum to assist the students. 

Reading presented a different problem, because most high school students did not 

take a reading class.  Objectives for the reading portion of the exam had to be covered 

through another subject that already had a full curriculum.  Tenth grade social studies 

classes did not have an exam in their subject area.  Because most students were in social 

studies, and social studies involves the reading of articles, books, and historical stories, 
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teachers of social studies classes were called on to assist in preparing students for the 

reading portion of the TAAS test. 

Several factors made the 10th grade exam a challenge.  The exit examination was 

first given in 10th grade.  Since 9th graders did not take the TAAS, students had not 

experienced the TAAS testing format for 2 years.  As noted above, the examination was 

not closely aligned with the 10th grade curriculum.  Finally the 10th grade exam covered 

more content than did the 3rd through 8th grade-level exams.  Because the stakes for this 

exam were high for schools and teachers as well as for individual students, entire schools 

digressed from their assigned curriculum to prepare students for the test (Bushweller, 

1997; Moore, 2001). 

It was understandable for schools to digress to prepare students for the test when 

tested material was not directly covered in the planned curriculum.  When the TAAS test 

was first administered in 1990, the mathematics portion was totally 8th grade content, 

with no content from high school courses in algebra or geometry.  By spring 2000 the 

content had shifted to 73% eighth grade content and 27% algebra content (TEA, 2000).  

For the current TAKS test the criteria content has changed to 23% eighth grade content, 

42% algebra content, and 35% geometry content (TEA, 2002b).  Reading and writing 

portions of the TAAS test began and remained at an 8th grade level (TEA, 2000).  The 

current TAKS test has an English Language Arts section.  This section of the test 

combines the reading and writing from TAAS and moves the level of the test to English 

III or 11th grade English criteria (TEA, 2002b).  For students to succeed, high school 
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teachers in Texas must be concerned with curricula not included in their specific course 

curriculum, Texas Essential Knowledge and Skills (TEKS). 

Using Predictive Models for Student Identification 

High schools are challenged to assist students to ensure their success.  But who 

needs the help?  Do all students need help, or should assistance be targeted to those who 

failed all portions of the eighth grade TAAS exam or those who failed Algebra I or 

passed with only a 70%?  Is ethnicity an issue?  According to Flores and Clarke (n.d.), 

“Minority students often are faced with several obstacles in achieving their educational 

goals” (p. 16).  Do the different teachers of the student provide the same learning 

opportunity in each classroom setting? 

High school administrators need some type of predictor model to help identify 

students who would benefit from special assistance when high-stakes tests are involved.  

A predictor model is an algorithm that uses certain student characteristics to predict 

student success.  Student characteristics can be any identifying or grouping category.  

Both quantitative student data, such as grades or test scores, and qualitative student data, 

such as gender or ethnicity, can be included in the model.   

The predictor model can be part of the assessment process.  The literature 

supports the importance of assessment.  

The effective teacher uses assessment efficiently to monitor student progress and 

to plan further instruction.  Assessments of various formats provide feedback to 

the teacher about what strategies are working, which students need more targeted 

assistance, and what content needs to be revisited.  The students of these teachers 
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score higher on standardized tests than students of teachers who primarily use 

portfolio and project assessments as the culminating event in a unit and do not 

reflect upon the results and address areas of weakness. …More formal monitoring 

of student progress includes teacher-made or standardized tests, projects, or 

writing assignments.  Assessment of student learning is not limited to just the 

individual; these approaches can be applied to a group of students as well. 

(Stronge, 2002, p. 55) 

It becomes incumbent upon the administration to assist in identifying those in need so 

that the teachers can better do their job. 

Educational organizations have a history of using predictor models to screen 

students.  A student’s potential for success in college is predicted using entrance exams.  

The Preliminary Scholastic Aptitude Test (PSAT) is given to many students and is used 

for guidance to Advanced Placement courses and as a Scholastic Aptitude Test (SAT) 

predictor.  Those tests are of such extreme importance to students that there are 

preparatory classes, study guides, and practice software to provide the extra preparation 

many students want.  However, seeking this help is a student’s personal choice.  Teachers 

want to help students who ask, and they even try with those who do not want the help.  

But the real question is “Who really needs help to pass or meet minimum expectations?” 

It is possible and important for school administrators to develop a process to 

identify students who will benefit from additional TAAS assistance.  “If leadership 

provided the encouragement and opportunity for practitioners to begin gathering and 

examining collective student results, we would make real strides toward understanding 
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our strengths and weaknesses” (Schmoker, 1996, p. 37).  By using data the school already 

has on each student, one can predict success or failure.  “Improvement begins with 

reality—the data that tells us where we are relative to where we need to be” (Schmoker, 

2001, p. 109).  Resources are generally limited in a school setting and should not be 

wasted.  If there is confidence that a student will meet the standard of the test, then that 

student needs to be encouraged and reassured, not tutored.  Having confidence about who 

will meet the test standard allows educators to know who is in jeopardy of not meeting 

the standard.   

Schools can and should be in control of their standardized test results.  Testing 

and evaluation are ongoing in schools, but the data seldom are used to their full potential.  

“If we want better results, we need to start with data.  The use of data enables us to set 

targets and assess progress toward those goals” (Schmoker, 2001, p. 21).  Given that 

schools have to test students, every effort should be used to be proactive in assisting 

them.  It is irresponsible to allow students to be totally responsible for themselves in this 

arena.  The curriculum must be aligned to the test.  But is student alignment, that is 

student preparedness, with the test considered or even recognized?  The latter is often 

overlooked.  Students can be passed to the next grade without the skills and knowledge 

needed for success on a given exam.  It is critical to look at the whole student from a 

testing viewpoint in the standardized testing arena. 

Developing a Predictor Model 

If schools can identify, but not track, those students who are in need of additional 

support, then they have the opportunity to intervene.  If an algorithm for predicting 
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students at risk of not meeting a standard can be developed, then both the student and the 

school will benefit.   

Schools often use some data to help identify students, and identifying students by 

using scores from previously administered exams has been successful.  “Teachers in 

schools with high achievement rates use pre-assessments to support targeted teaching of 

skills important to learn for standardized tests, as well as to group students for 

reteaching” (Stronge, 2002, p. 56).  A single “benchmark test” is often used to determine 

this need; however, this is not always a good indicator.  Students who may do well on the 

real exam do not try to succeed on the benchmark test because they fail to see the merit of 

it.  Many times the benchmark does not affect a grade, and there are no consequences for 

low or high performance.  This situation is less than conducive for accurate assessment.   

Additional factors that can influence a single practice test administration are the 

testing environment and attitude of both the student and the teacher/proctor.  A straight 

“A” student could have an off-day due to sickness, friend troubles, or other emotional 

issues.  A low score for this student is meaningless, because on the actual test, the student 

will take the exam seriously and score very high.  Time spent helping this student for the 

test would be a waste of resources.  Conversely, a weak student could score high because 

the proctor was not doing a good job and allowed the student to cheat.  During the actual 

test, proctoring is strict, and the student who cheated on the benchmark would fail.  This 

student would not receive needed intervention because he or she passed the practice test. 

In addition, some students come to a school without having taken the benchmark 

or practice exams because they were absent on testing day or because they have moved 
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from other states. Therefore, schools need more data than the results of one test to 

accurately identify students needing assistance. 

Students are generally put into three categories based on the score of a previous 

test: those who probably never will pass; “bubble” students; those who present no 

worries. The first group is often ignored and given no additional assistance.  “Bubble” 

students receive some sort of extra tutoring, and the rest are not assisted (Amrein & 

Berliner, 2002a; Horn, n.d.). This strategy may increase the scores on the high-stakes 

tests slightly, but it is not sufficient for the school to achieve and control a 90% pass rate.  

A model with a single indicator is not robust enough to accomplish this for all students. 

Often, just letting teachers know which students are most at risk can be enough to 

make the difference for students and schools.  Effective teachers “adapt instruction to 

meet student needs, which requires careful assessment and planning for all students in the 

classroom, as well as the ability to select from a range of strategies to find the optimal 

match to the context” (Stronge, 2002, p. 57).  Sometimes simply acknowledging and 

encouraging students will empower them so that they can pass.  Even in a class of 20, a 

child can be overlooked unintentionally.  The teacher ends up with a good passing rate, 

but the school comes up short and no one knows why.  To keep from missing any 

student,  

effective teachers frequently use in-class tests.  They understand how to interpret  

and use the information discerned from standardized and teacher-made  

achievement tests.  A common practice is to count how many students incorrectly  

answer a question and then to analyze that question to determine if it was  
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misleading or if the students did not learn the material. (Stronge, 2002, p. 55)  

Good teachers are able to identify student needs from classroom assessment.  

Administration, however, still needs to support the teaching staff in every possible way.  

Helping the teacher know which student is in what category is critical. 

Therefore, a predictor model for each area of the test is needed.  These models 

would provide administration with a profile of each student for each area tested.  This 

study was designed to build a model for each of the TAAS exit-level tests.  The model 

was built from student data that are available on a regular basis to schools and that best 

predict student outcome.  The student’s demographic data and academic data for a 

particular subject area of a standardized test were used to develop each model.  Prior 

performance on many indicators by a student was used to predict student success on the 

standardized test. 

The goal is not to understand why students achieve at a certain level, but to create 

the best equation so that, for example, guidance counselors could predict future 

achievement scores for their students, and (hopefully) intervene with those 

students identified as at risk for poor performance, or to select students into 

programs based on their projected scores.  And while theory is useful for 

identifying what variables should be in a prediction equation, the variables do not 

necessarily need to make conceptual sense. (Osborne, 2000) 

 16



Purpose 

The purpose of this study was to help school administrators better predict student 

performance on high-stakes criterion-referenced tests so that they can identify students 

who will be helped by intervention. 

Problem Statement 

The research problem was to build three predictive models, one for each portion 

of the exit exam, to predict the probability of a student’s meeting a standard on each part 

of the Texas Assessment of Academic Skills Exit Level Exam (TAAS).  Separate models 

were built for mathematics, reading, and writing. 

Research Questions 

The study was designed to answer the following three research questions: 

1. Can an accurate predictive algorithm for a high-stakes test (Texas Assessment 

of Academic Skills Exit Level for Math, Reading, and Writing) be generated? 

2. Which predictor variables are the strongest for performance on the 

mathematics, reading, and writing sections of the 10th grade TAAS Exit Level Exam? 

3. Are the strongest predictor variables for the mathematics algorithm, the reading 

algorithm, and the writing algorithm the same? 

Definitions of Terms 

 The terms used in this study are listed below: 

Student data–subject-related grades, standardized test scores, and demographic 

information found in a student’s permanent folder. 
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TAAS–Texas Assessment of Academic Skills, the state-mandated criterion-

referenced test. 

TAKS–Texas Assessment of Knowledge and Skills, the new state-mandated 

criterion-referenced test that starts in spring 2003 replacing TAAS. 

TEKS–Texas Essential Knowledge and Skills, the curriculum set forth by the 

State of Texas Education Code. 

ITBS–Iowa Test of Basic Skills, a norm-referenced test, administered to ninth 

graders in the fall. 

Semester exams–teacher-made cumulative tests for their specific course 

administered at the end of the fall and spring semesters.  The tests cover the curriculum 

mandated by the TEKS. 

Semester course average–the student’s grade for first or second semester in a 

particular course.  The grade is calculated by averaging three 6-weeks averages and a 

semester exam for that semester. 

Benchmark or practice test–a previous year’s released TAAS test administered to 

9th graders in the spring and 10th graders in the fall. 

SES–the self-reported socioeconomic status of students based on free and reduced 

lunch.  References to Title I would be included. 

Ethnicity–the self-reported ethnicity of a student. 

 18



Assumptions 

 It was assumed that all the records maintained on students by the school (used in 

the study) were accurate.  It was further assumed that self-reporting by parents to the 

school for ethnicity and socioeconomic status was accurate. 

Limitations 

 The data were drawn from only one secondary school.  However, data can be 

generalized to schools with similar characteristics.  Only data directly tied to and brought 

with the student were considered.  Information readily available on any student were used 

as the primary set of indicators.  Additional information available at this school but 

possibly not kept at others was used as a secondary set of indicators.  Any direct or 

indirect variables that this particular school might have contributed to student success 

were not considered.   

Significance of the Study 

This study will add to the existing knowledge base.  Empirical evidence has 

demonstrated that student success can be predicted from data available on all students.  

The evidence can aid the cause of identifying the students who are most likely to need 

intervention prior to assessment.  The study also attempted to identify which variables are 

the most significant predictors of student success on the 10th grade Texas Assessment of 

Academic Skills (TAAS) Exit Level Exam.  The knowledge gained from the study using 

TAAS is still significant even though the TAAS is no longer administered.  The new test, 

TAKS, and TAAS are criterion-referenced tests and are aligned with the Texas Essential 

Knowledge and Skills, the mandated curriculum.  Although TAKS is more rigorous than 
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TAAS, enough overlapping of the test objectives exists to make predictor characteristics 

similar. 

Summary 

 In this chapter, several definitions for high-stakes testing were presented.  The 

logical conclusion was that any test with significant consequences is high stakes.  A brief 

description of NCLB followed.  Because of NCLB, all states must administer high-stakes 

tests at several grade levels.  The states must show that adequate yearly progress was 

made by students.  A history of TAAS, Texas’ high-stakes test, was also presented.  The 

Texas accountability system had its beginnings before the 1980s, and over the years the 

accountability system has evolved, with more being asked of students, school, and 

districts in terms of performance, with sanctions levied if performance measures are not 

met.  With such high stakes, schools need to identify students who probably will not pass 

the test so that teachers and administrators can provide some type of intervention for the 

individual student.  An efficient way to do this is to develop a predictor model to assist in 

identifying the students.  To develop such a model, data that are available on all students 

at any school should be used.  The chapter concluded with the purpose, problem, and 

significance of the study stated.   
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CHAPTER 2 

REVIEW OF LITERATURE 

 This chapter presents findings in the literature related to the prediction of student 

success.  High-stakes testing, the impact of data, test preparation, variables used as 

predictors in other studies, and the benefits of predicting student success are discussed.  

These topics have in common mandated assessment with high stakes for all stakeholders. 

High-Stakes Testing 

Testing results and how they affect performance ratings for both students and 

schools can be predicted and thus controlled locally.  Testing holds high stakes for 

students (Heubert & Hauser, 1999).  Tests are used at all grade levels to assess student 

academic performance.  Students are measured from oral inquiries by teachers from 

course cumulative exams to standardized tests such as SAT and ACT, with a great deal of 

variation in between.  Students move to the next grade by demonstrating to their teachers 

some acceptable level of knowledge (Heubert & Hauser, 1999).  For the student, testing 

becomes important as graduation gets closer.  Many states incorporate the passing of a 

state exam in writing, math, and some form of reading as one of the graduation 

requirements (Olson, 2003b; Skinner & Staresina, 2004).  

No Child Left Behind has extended high stakes testing nationally.   

The testing and accountability provision in the No Child Left Behind Act are 

comprehensive and the consequences potentially severe over time if students do 
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not perform to higher standards.  It is difficult to disagree with the intent of these 

reform provisions—success in school for all students.  Actually implementing the 

requirements will be challenging for even the most successful school districts and 

the most competent educators. (Nolan, 2002, p. 6) 

State assessment scores are important to students and public schools alike (Linn, 

2000).  To the student, who is the primary stakeholder, the test could impact promotion, 

placement in a remedial course, or graduation (Taylor & Walton, 2000, p. 2).  Depending 

on where students live, the impact could be substantial if they are marginal students 

(Linn, 2000).  The school is also subtly subjected to scrutiny based on the percentage of 

students who minimally pass or the percentage scoring at or above some proficiency 

level.  “Schools can lose their accreditation or receive financial rewards from the state, 

depending on student test scores” (Loschert, 2000, p. 1).  In Texas, both of these occur.  

Students who do not pass the Exit Level TAAS are denied graduation even though they 

have met all other requirements.  Schools in Texas are issued a report card by the state 

that is public knowledge and required to be shared.  A major factor of the rating is the 

percentage of students meeting minimal standards on the TAAS test.   

The stakes are high.  The fact is, a single assessment is used to make decisions 

that affect both the students and the schools (Linn, 2000).  Teachers and administrators 

know what is at stake for their schools and students (Jorgenson & Vanosdall, 2002).  

Some agree and some do not agree with the amount of testing and the type of testing.  

According to Kohn (2000), who has argued against high stakes standardized tests, “The 

only thing at which standardized tests are uniquely efficient is ranking one school, or 
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state, against another” (p. 41).  A group concerned about testing, The National Center for 

Fair and Open Testing, has a Web site dedicated to various testing issues (Fair Test, 

2001).  Regardless of the opinions for or against it, high-stakes testing is generating 

information on students and schools. 

Impact of Data 

High-stakes testing has made data analysis important.  “Data driven decision 

making” has become another best practice recommendation (Marzano, 2003, p. 56).  

With data-driven decision making, principals at the high school level take charge of the 

data at their disposal instead of leaving the data to the many teachers of a secondary 

student.  Traditionally, few schools have taken advantage of the data they have available. 

Why do we avoid data?  The reason is fear—of data’s capacity to reveal strength 

and weakness, failure and success.  Education seems to maintain a tacit bargain 

among constituents at every level not to gather or use information that will reveal 

where we need to do better, where we need to make changes.  Data almost always 

point to action—they are the enemy of comfortable routines.  By ignoring data, 

we promote inaction and inefficiency. (Schmoker, 1996, p. 33) 

However, effective use of information promotes school improvement.  “The leader has to 

demonstrate the need and opportunity for improvement.  It rarely emerges spontaneously.  

Creating such a sense of direction and impetus is the leader’s job” (Schmoker, 2001, p. 

10).   

Schools have many data sources to help them monitor student learning.  

Individual course grades for students come from a plethora of data collected by a teacher. 
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Teachers give grades for classwork, homework, quizzes, tests, projects, and other 

assignments.  “Data make the invisible visible, revealing strengths and weaknesses that 

are easily concealed.  Data promote certainty and precision, which increases teachers’ 

confidence in their abilities” (Schmoker, 1996, p. 38).  However, grades may be a poor 

indicator of what students know, because students sometimes do not take grades seriously 

and teachers do not always grade the same (Kohn, n.d.).  Advocates of high-stakes testing 

insist that, “only if there is something valuable to be gained or lost–will teachers and 

students take the tests seriously and work hard to do their best” (National Research 

Council, 1999, p. 14).   

Data, whether they are from the classroom or standardized tests, serve as 

predictors.  One use of data can indicate whether the school or teacher is good, bad, or in 

between.  Judging schools or teachers has always been done in a nonsophisticated way.  

Negative connotations from looking at data partially account for not using data to their 

full predictive power.  Schools still suffer from the time when everything had to be 

calculated by hand.  Many lack the expertise to even imagine how to use the data 

(Sanders & Horn, 1995).  “We fail to examine data that can guide us as we act.  No 

wonder implementation is so often haphazard and why so many innovations do not have 

the expected impact” (Schmoker, 1996, p. 31).   

The means used to determine whether students have achieved the goals set for  

them – the indicators employed – range from the results of simple observation to  

group administered standardized tests; from a short homework assignment to the  

performance and analysis of a complex laboratory experiment. (Sanders & Horn,  
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1995) 

Sanders and Horn also spoke of involving teachers through their individualized 

assessments of students in the classroom setting and suggested the need to develop 

testing indicators aligned with the tested curriculum.   

When most schools make the commitment to become more data-driven, they are  

panic-stricken about where they are going to find information to include.  Then  

they discover that there are “mother lodes” of data scattered throughout the school  

and district that have been as shrouded with mystery as the lost ark and certainly  

have never been mined. (Holcomb, 1999, p. 6) 

Students may let their feelings about a teacher, problems at home, or any number 

of other situations influence their decision to do their work (Stiggins, 1999, p. 196).  This 

tends to invalidate the grade the teacher must report as an accurate measure of student 

knowledge.  Additionally, teachers’ use of different bases for judgment can create errors 

when trying to establish the skill ability of students (Armstrong, 2001, p. 8). 

It is possible that some might object to using data to help show the magnitude of 

problems and then using that data to prioritize them.  Data not only show problems but 

show and support what is being done correctly, thus keeping the stakeholders energized 

(Schmoker, 1996, p. 40).  By using all available information principals can not only know 

but also assist both the students and teachers in proactive ways. The collection and use of 

data are encouraged, if not demanded, at higher levels in school districts.  “School boards 

are requiring schools to demonstrate how they use data to guide decision making and plan 
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their improvement efforts” (Holcomb, 1999, p. 11).  Even so, according to Schmoker 

(2001), 

one of the more mystifying realities of schools in an age of accountability is our  

failure to get the right data into every practitioner’s hands and to set a date for it  

to be analyzed by teachers with their colleagues. (p. 33) 

In 1996 Schmoker noted that 

data can help us confront what we may wish to avoid and what is difficult to 

perceive, trace, or gauge; data can substantiate theories, inform decisions, impel 

action, marshal support, thwart misperceptions and unwarranted optimism, 

maintain focus and goal-orientation, and capture and sustain collective energy and 

momentum.  Data help us answer the primary question “What do we do next?” 

amid the panoply of competing opportunities for action. (Schmoker, 1996, p. 42) 

According to Holcomb (1999), data need to be in a raw state to allow for the observation 

of ranges, patterns, and distributions.  In this way, educators can better understands the 

successes and failures of their student population (p. 39).  

Data historically have not been used as fully as they could be.  The Oak Park 

School District in Michigan serves as an example of a school district using data to its 

fullest.   

If there is anything we can learn from districts like Oak Park, it is that successful  

organizations do not just collect data, they revere it.  They aren’t satisfied with  

data until data have life and meaning for every teacher, every pertinent party.   

They use data to create and to ensure an objective, commonly held reality.  
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(Schmoker, 2001, p. 51) 

School Test Preparation Efforts 

Olson (2003a) discussed reports released by the National Board on Educational 

Testing and Public Policy at Boston College in March 2003 that 

40 percent of teachers in states with high stakes for schools and students reported  

that their schools’ results influenced their teaching on a daily basis, compared  

with 10 percent of teachers in low-stakes states.  Teachers in states with high  

stakes also used test results more than any other group to plan instruction (60  

percent) and to select instructional materials (50 percent).  More teachers in those  

states also said their own tests reflected the format of state exams. (p. 10) 

Schools have instituted a variety of activities to improve student performance on 

state tests.  One widely used strategy makes use of sample tests from commercially 

prepared workbooks or state-released items to diagnose weaknesses (Tienken & Wilson, 

2001, p. 2).  “If their state uses criterion-referenced testing, and the test directly reflects 

the curriculum, then teachers should be teaching to the concepts that will be addressed on 

the test” (Taylor & Walton, 2000, p. 4).  This is what happens in a high-stakes 

environment if the curriculum is aligned to the test.  Otherwise, the test becomes the 

curriculum because that is where the accountability is.  In an attempt to counter this 

mentality, Texas has broadened the field with a new assessment, Texas Assessment of 

Knowledge and Skills (TAKS), that is tied more closely to the curriculum (TEA).  Thus, 

teaching the test will become more difficult.  
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According to Jorgenson and Vanosdall (2002), school administrators seek ways to 

help their teachers so that they may help their students (p. 604).  Nathan (2002), however, 

asked the question, “But does teaching students how to take these tests merit such an 

enormous allocation of time and resources?” (p. 599).  In Arizona, principals scrambled 

to find and pay for resources to improve tests scores through teacher training (Jorgenson 

& Vanosdall, 2002, p. 604).  Some schools in Massachusetts hired the Princeton Review 

to provide a preparation course for their state test.  Although this test was stated to be 

beyond coaching, the preparation course helped students pass (Nathan, 2002, p. 599).  

Jorgenson and Vanosdall (2002) pointed out that the majority of school systems across 

the country are struggling to prepare their students for high-stakes standardized tests (p. 

604).  Nathan observed that the tests scores rise from year to year as teachers and 

students become familiar with the test (p. 599). 

Success in various undergraduate and graduate programs has been linked to 

entrance scores on the respective tests for schools (ACT, 2002; Penn, 2002; Platt, Turocy, 

& McGlumphy, 2001).  Entrance exams have been used as a major screening component; 

for example, in Texas, the Texas Academic Skills Program (TASP) assesses “college 

preparedness for all students entering a Texas public college or university. . . .The TASP 

test identifies skill areas in which students need remediation in order to be successful in a 

college environment” (The George Bush School, n.d., p. 14).  Preparation classes for 

SAT, ACT, GRE, MCAT, LSAT, and other screening tests exist everywhere.  Test 

preparation software and books are almost as abundant.  High-stakes tests exist at all 

levels and cause the participants to seek ways to insure success.   
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In just the past three years, the market for K-12 test-preparation supplies for state 

exams has exploded from a negligible sum to some $50 million.  The field is 

populated with familiar companies like Kaplan, The Princeton Review, and 

Sylvan Learning Centers, but dozens of new, smaller firms have sprung up to help 

satiate the growing demand. (Steindorf, 2002) 

Predicting Student Outcomes 

Why would students use test preparation software or take a test preparation 

course?  For some reason, students feel they will be helped to a higher score.  Either 

consciously or subconsciously, they have analyzed data to reach that conclusion.  Various 

variables have been considered, and those most influential to the student have been used.  

Likewise, teachers and administrators must find the variables with the strongest 

predictive power for predicting the desired outcome. 

We must be careful to measure what matters, especially what matters to those 

who can implement change.  We need to analyze not only standardized tests, but 

also local, teacher-generated assessments; not only bottom-line product or 

summative scores, but also ongoing process improvement data; not only progress 

toward long-term objectives, but also progress toward specific short-term or ad 

hoc subgoals; not only progress toward academic results, but also progress toward 

behavioral goals that are linked to those results.  (Schmoker, 1996, p. 69) 

 Data on a student define that student.  Individual data components or variables 

allow for grouping, and grouping allows prediction to occur.  Longitudinal data allow 

trends to be seen for a group.  The Texas Education Agency (TEA) reported school 
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standings in a report card that is to be distributed by the school to parents, but every 

school’s report card is posted on TEA’s Web site (http://www.tea.state.tx.us) in the 

Academic Excellence Indicator System (AEIS) section.  Detailed data for individual 

years and longitudinal summary data are available, group trends for a school can be seen.  

Groups defined for accountability are all students, ethnic classification, limited English 

proficiency (LEP) status, socioeconomic status, and others.  Each of these can serve as a 

predictor of that school.  If only 30% of LEP students passed an exam, and a student is 

classified LEP, then the probability is not positive for the student’s passing the exam.  

The better defined the student group is, the better the prediction for a specific individual. 

 Demographic variables provide natural groupings.  Gender, ethnic classification, 

socioeconomic status, and limited English proficiency status are such demographic 

groupings.  Gender as an individual predictor has been inconsistent across student age 

groups or subject material in reading and math.  In reading, girls outperformed boys in 

the early grades, but the performance gap closed in the higher grades, whereas in math, 

both genders scored similarly at all levels (J. Thomas & Stockton, 2003).  Groups of 

students with racial minority backgrounds do more poor on graduation exams than do 

groups of White students (Amrein & Berliner, 2002b; Heubert, 2002).  When gender is 

grouped by SES or ethnicity and the new groups are compared, differences emerge (J. 

Thomas & Stockton, 2003).  Corbell’s (2000) study revealed that  

Black male, Black female, Hispanic male, Hispanic female and white female  

students who received no financial aid through the lunch program have scores  

lower than students of the same race and gender that qualify for the Federally  
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funded lunch program. (p. 79)   

The October CPS (Current Population Survey) data files showed that from 1972 to 1998 

“at age 15, the odds of age-grade retardation are 90 percent greater among African-

Americans than among Whites, and they are 220 percent greater among Hispanics than 

among Whites”  (Hauser, Pager, & Simmons, 2000, p. 21).  These percentages indicate 

that “Hispanic students, especially those who enter school with little or no skill in 

speaking English, are at great risk” of performing poorly and dropping out (Calderon, 

Hertz-Lazarowitz, Ivory, & Slavin, 1997, p. 1).  Each variable in and of itself has 

predictive power for the group, but all must be combined to provide the predictive power 

needed. 

 Data from TEA’s (2003) web site showed the percentage meeting standards, 

statewide, on the three sections of the TAAS Exit Level Exam or Grade 10 for five 

groupings that TEA uses as part of the accountability system.  In 1994 the reading results 

showed that 60% of African Americans and 61% if Hispanics passed, whereas 86% of 

Whites passed.  In 2002 the reading results showed that 92% of African Americans and 

90% of Hispanics passed, whereas 98% of Whites passed.  Although the two minority 

groups converged toward the White group, a disparity still existed.  The 26% gap in 

percentage between minorities and Whites had been reduced to 6% in 2002.  

Mathematics over the same period showed similar results, with a final gap of 8% between 

minorities and Whites. 

 The longitudinal data from TEA illustrated that ethnicity had some predictive 

potential.  Although the racial gap had closed, as the data showed, the gap was still 
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present (J. Thomas & Stockton, 2003).  A performance gap existed with African 

American students and White students in some school districts around Houston, Texas, 

between the years 1994 and 1997, according to a study done by Region VII Education 

Service Center (1998).  A longitudinal study of the Washington Assessment of Student 

Learning from 1998 to 2001 found a performance gap in reading and mathematics scores 

with, African Americans and Hispanics being lower than Whites and Asian/Pacific 

Islanders (Fouts, 2002).  Narrowing the grouping to African American high school boys, 

Osborne (1997) found that they simply stop trying academically.  Once prediction shows 

the separation, then interventions for the possible reasons can be implemented. 

 Obviously, a knowledge base in English gives a student the opportunity for a 

higher probability of success on high stakes-tests.  In Texas, “the performance of 

bilingual Hispanic students has been low on statewide academic assessment” (De la 

Colina, Parker, Hasbrouck, & Lara-Alecio, 2001).  Students grouped as LEP made gains 

from 1994 to 2002 on both the TAAS reading and mathematics test, but in 2002 the 

passing percentages were only 66% for reading and 71% for mathematics (TEA, 2003).  

W. P. Thomas and Collier (1997) found that “students who were not proficient in English 

when they entered the school system took many years to close the academic achievement 

gap when compared to native–English–speaking students on grade-level tests in English” 

(p. 65).  Language is an obvious obstacle for these students, but it may not be the only 

one; other issues for the LEP student can affect their performance in class and on tests 

(Cornell, 1995). 
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Another single indicator was shown in a study on the state of Virginia’s 

assessment.  “An inverse relationship exists between the percentage of students receiving 

subsidized lunches and the adjusted pass rates on these tests.  It can be concluded that 

students’ SES is related to their achievement” (Cunningham & Sanzo, 2002, p. 67).  A 

study of schools in Kentucky found a positive correlation between student achievement 

and socioeconomic status (Bulach, Malone, & Castleman, 1995).  In Texas the statewide 

results on the 2002 TAAS test in reading and math for those classified as SES showed 

passing percentages equivalent to the minority groups but still below the White subgroup 

(TEA, 2003). 

These groupings and others are all variables that a classroom teacher must 

consider.  Historically, teachers have used student classroom data to monitor a student’s 

success in a course or on a test.  Tienken and Wilson (2001) recommended that teachers 

begin going to the next step in actually writing a predicted score level beside each 

student’s name prior to an exam (p. 6).  Some measures are in high-stakes environments, 

and some are not.  Principals as well as teachers need a way to assess what is going on 

prior to the students’ and the school’s being measured on standardized tests (Dietel, 

1991).  The ability to assess accurately allows for intervention procedures.  Both the 

student and the school can then work towards success, avoiding the pressures of panic 

(Dietel, 1991).  Helping the teachers can help the students. 

Corbell (2000) found a relation between prior TAAS scores and future ones in 

reading and mathematics.  So long as the student’s past scores were equal to or increased 

over time, the score would continue that trend.  If, however, the scores declined over 
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time, then the decline was likely to continue on the next administration.  A final 

conclusion was the obvious need for early intervention at the first sign of declining 

scores. 

Companies have developed directed curricula to predict achievement.  One such 

company is NCS Learn.   

NCS Learn’s High Stakes Management solution combines the findings of two 

areas of research – forecasting time needed to reach specific SuccessMaker levels 

and the relationship of SuccessMaker levels to test achievement.  The result is a 

powerful new suite of tools and services to forecast and manage student 

achievement. (Tingey, Thrall, & Ward, 2001, p. 12) 

Students have been monitored from elementary grades to graduate school for 

predicted success.   

State test score reports sort students into categories of varying proficiency.  For  

example, a student who scores partially proficient, proficient, or advanced  

proficient on a state language arts test may also show some congruency in the  

level of achievement in his/her well aligned school work and classroom  

assessments. (Tienken & Wilson, 2001, p. 6)   

Barron, Harackiewicz, and Tauer (2001) found that final grade and semester GPA were 

the best predictors of future academic success in college (p. 5).  The National Research 

Council (1999) noted that, “with regard to between-class and within-class tracking, there 

appears to be little systematic research on how educators actually weigh test scores with 

other factors in arriving at placement decisions” (p. 94). 
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Dryden, Webster, and Fraser (n.d.) reported that in Dallas ISD,  

the Learner Efficiency Index (LEI) includes a number of criterion variables.  

Student-level variables include Iowa Texts of Basic Skills grades k through 8, 

reading and mathematics;  Tests of Achievement and Proficiency, grade 10, 

reading and mathematics;  student attendance;  Texas Assessment of Academic 

Skills, grades 3 through 8 and 10, reading mathematics, writing, social studies, 

and science; . . . and Preliminary Scholastic Aptitude Test, verbal and 

quantitative. (p. 5). 

All data have predictive nature.  Part of the problem of using the data is that there 

are too much data.  Teachers use some data daily to predict student classroom success.  

“The semester assessments and data reports have a powerful pre-emptive and corrective 

function.  It tells teachers how well students are doing relative to year-end goals—while 

there is still time to address problems” (Schmoker, 2001, p. 17).  Principals and 

administration must take advantage of the readily available data also. 

The use of several factors to predict student success at all levels is widely 

recommended in the literature (Hosmer & Lemeshow, 2000; Peck, Olsen, & Devore, 

2001).  Sanders and Horn (1995) advocated the use of multiple indicators.   

Very simply put, each child’s own academic history incorporates socio-economic  

status, ability past achievement, and many other factors.  By modeling a learning  

profile for each student as part of the mixed-model equations, children serve as  

their own controls. (Sanders & Horn, 1995) 
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Similarly, according to Armstrong (2001) a student’s prior performance in high school 

coursework is a better predictor of students success than a standardized test score in 

college (p. 12).  Regardless of the level, data still predict the outcome or identify needed 

intervention.  The more data used, the more stable the prediction or perception. 

Some data appear to be more beneficial in some environments than others.  

Variables that are important to predicting the specific item of interest must be identified 

(Barron et al., 2001).  Sometimes, however, too many predictors can lead “to a 

deterioration in the degree of precision” (Peck et al., 2001, p. 735).  In analyzing the data 

it is necessary to be able to differentiate the good data from data that are cluttering and 

reducing the effectiveness of the data and possibly confounding the conclusions (Fraas & 

Newman, 1996, p. 6). 

Causey-Bush (2001) examined predictors of elementary TAAS scores.  The study 

used age, attendance, English language learner status, Title I status, and grade level as 

predictor variables (p. 4).  She found that  

grade level and ELL (English Language Learner) status share a significant  

relationship with TAAS math performance explaining a moderately strong 46  

percent of TAAS math performance.  Grade level was the strongest predictor of  

student TAAS math performance.  Age, attendance rate, and Title I status were  

not significant. (p. 93)     

She also found that “the relative importance of student variables over school variables in 

predicting TAAS math performance can be established” (p. 95).  Similarly, “schools . . . 
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with high percentages of Title I students tended to have relatively lower TAAS math 

performance . . . raw scores” (p. 99). 

Many variables can be used to predict or account for variation in student success.  

A study by Singley (2000) indicated that “academic achievement in English appears to be 

a significant indicator of the student’s potential for completing high school” (p. 68).  

Additionally, she found that “the more class periods of non-attendance that a student 

accrued, the higher the probability that the student would not be enrolled in the high 

school studied by the fourth semester of high school” (p. 70). 

Researchers have used a variety of variables in studies on test performance and 

academic success.  Two studies predicting variations in test performance used such 

variables as number of people in the home, amount of schooling the parents had, how 

many books in the home, and whether or not a computer was in the home (Koretz, 

McCaffrey, & Sullivan, 2001; McEwan & Marshall, 2002).  A study done on predicting 

college graduation and knowledge retention used ethnicity, gender, high school grade 

point average, SAT math score, SAT verbal score, and citizenship status as prediction 

variables (Zhang, Anderson, Ohland, Carter, & Thorndyke, 2002).  Another study 

predicting success in a college program used gender, White versus non-White, native 

English speaker, age, science repetitions, science prerequisite GPA, and cumulative GPA 

as predictor variables (Wetstein, 2003). 

Benefits of Predicting Student Success 

To predict accurately, researchers must account for all possible variables (Hinkle, 

Wiersma, & Jurs, 1994, p. 464).  To get every indicator of student success at the desired 
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point, all variables need to be considered as predictors.  If they are used, the results can 

be spectacular.  As an example, the staff at Adlai Stevenson High School in Lincolnshire, 

Illinois, began using data collaboratively in 1992, and within 2 years they had brought the 

school’s ranking at the bottom of their local region to its being one of the top 20 schools 

in the world (Schmoker, 1996, p. 16). 

 On the other end, when teachers and administrators fail to use data, the result is 

generally a low-performing school.   

Many low-achieving schools do not see the need for more than an annual glance  

at data by just a few school personnel—typically the school improvement team.   

My findings indicate that many schools conduct some form of review that is  

briefly done, quickly forgotten, and not acted on. (Schmoker, 2001, p. 33) 

The failure to use data deprives both the students and the school of important 

opportunities; for example, “students with learning difficulties would be identified years 

in advance of high-stakes deadlines, and they and their parents and teachers would have 

ample opportunities to catch up before deadlines occur” (Hauser et al., 2000, p. 3).   

Conclusion 

Schmoker (1996) has written that “data help monitor and assess performance.  

Just as goals are an essential element of success, so data are an essential piece of working 

toward goals.  As with goals, data must be used judiciously and with discretion” (p. 29).  

The literature supports using many indicators to judge success.  Although much is at 

stake for both the students and schools, lack of agreement exists on the philosophy of 

testing (Kohn, 2000).  For educators and students, however, testing is mandated by many 
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state authorities; therefore, there is no choice but to perform.  Using data and identifying 

the predictive variables is vital to student and school success.

39 



CHAPTER 3 

METHODOLOGY 

The literature implies that the use of composite student academic data can give a 

more reliable prediction of student success on the Texas Assessment of Academic Skills 

Exit Level Exam than can single predictors alone.  The variables that went into the 

composite predictor in this study were data that are already maintained by most 

districts/schools and should be readily available to administrators.  This study was 

designed to show that it is possible to develop such models.  The research problem was to 

build three predictive models, one for each portion of the exit exam, to predict the 

probability of a student’s meeting or not meeting a standard on that part of the Texas 

Assessment of Academic Skills Exit Level Exam (TAAS).  Separate models were built 

for mathematics, reading, and writing. 

The study was designed to answer three research questions. 

1.  Can an accurate predictive algorithm for a high-stakes test (Texas Assessment 

of Academic Skills Exit Level for Math, Reading, and Writing) be generated? 

2.  Which predictor variables are the strongest for performance on the 

mathematics, reading, and writing sections of the 10th grade TAAS Exit Level Exam? 

3.  Are the strongest predictor variables for the mathematics algorithm, the 

reading algorithm, and the writing algorithm the same? 

In this chapter, population, data collection, variables, and the data analysis are described. 
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Population and Sampling 

No direct sampling was used for this study.  The population of interest was the 

10th grade class, approximately 445 students, at a North Texas high school for the 

2001/2002 school year.  This school’s demographics are heterogeneous, with the 

following subpopulations represented:  Native Americans; Asian/Pacific Islanders; 

African American; Hispanics; White; and economically disadvantaged.  The 

demographics for this 10th grade class are shown in Table 1. The demographics of the 

school are similar to the demographics of the entire state’s 10th grade population.  But 

subtle differences exist between the study population and the statewide percentages per 

subgroup; the Asian and African American subgroups of the study population are larger, 

whereas the Hispanic and White subgroups are smaller.  The available student data for 

each student were used.  Unfortunately, it was not always possible to acquire all the data 

desired for students.  Students were grouped according to like data available.   

Table 1   

Demographics of Study Group 

 Native 
American 

Asian/ 
Pacific Is. 

African 
American 

Hispanic White 

10th grade 
study pop 

0.7% 8.5% 20.2% 30.3% 40.4% 

10th grade 
statewide 

0.3% 2.9% 14.0% 37.0% 46.0% 

 

Data Collection 

Data were collected on the 10th grade class at the high school.  Individual student 

data were taken from official school records, which are closely monitored to maintain 
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accuracy.  Only data for each variable were collected.  The data were entered into an 

Excel spreadsheet.  Permission to collect and analyze the data was received from the 

local school district.  Student identity was not used in any way. 

Variables 

The data consisted of the following for each student:  gender; ethnicity; 

socioeconomic status; results from taking a released TAAS test in February of their 9th 

grade year; semester exam grades and averages for the first and second semesters in their 

math, English, and social studies courses for their 9th grade year; ITBS scores taken in 

fall their 9th grade year; results from a released TAAS taken in fall their 10th grade year; 

course taken their 9th grade year as below-, on-, or above-grade-level; course taken their 

10th grade year as below-, on-, or above-grade-level; attendance the year before the test.  

These individual data pieces were the independent variables.  These data were compared 

with their Exit Level TAAS results from February 2002 which was the dependent 

variable.   

These variables are consistent with those in other studies; however, they include 

more predictors than other studies have used (Causey-Bush, 2001; Corbell, 2000; 

Morgan, 1998).  More variables were used in order to have a model for all students, not 

just those with certain data available.  Therefore, all data available on all students at any 

school were used. 

Data Analysis 

The goal of the study was to identify variables that are most predictive and to use 

them in a predictor model.  Logistic regression yielded those results.  
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Logistic regression is useful for situations in which you want to be able to predict 

the presence or absence of a characteristic or outcome based on values of a set of 

predictor variables.  It is similar to a linear regression model but is suited to 

models where the dependent variable is dichotomous.  Logistic coefficients can be 

used to estimate odds ratios for each of the independent variables in the model. 

(SPSS®, 2003, p. 3) 

The dependent variable was treated as a dichotomous variable (standard met or not met).  

All the variables were used in modeling to determine which were the strongest predictors.  

The variables that were not significant were dropped, and a final logistic regression 

equation was generated for each subject area using the strongest predictors. 

Logistic regression allowed for the estimation of the probability of a student 

meeting a standard on the TAAS Exit Exam, given values for each independent variable.  

The logistic regression model can be written as Probability of an event occurring =   

1 / (1 + e -Z ), where Z is the linear combination Z = B0 + B1X1 + B2X2 + … + BpXp.  The 

event is passing the Exit Level TAAS Exam.  B0, B1, B2, and on are coefficients 

estimated from the data.  X1, X2, and on are independent variables, with some being 

quantitative data and others being categorical data.  “e” is the base of the natural 

logarithm, approximately 2.71828 (Hosmer & Lemeshow, 2000, pp. 31-32; Norusis, 

2003, p. 323). 

Descriptive statistics were done on all independent variables.  Additionally, each 

was correlated with the respective TAAS results.  Frequency tables, where appropriate, 

are shown and discussed.  Linear regression was run on all interval variables.  All 
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statistical tests and procedures were done using Microsoft Excel 97 and SPSS® statistical 

software package version 12.0 for Windows®.  Both software packages were owned by 

this author. 

Conclusion 

This chapter has described the methods used to study the relationship between 

student data variables and results on a state-level criterion-referenced test.  The following 

were all discussed in this chapter: population of interest, source of the data, variables, and 

analysis of the data.  The results of the regression are presented in chapter 4. 
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CHAPTER 4 

ANALYSIS OF DATA 

Introduction 

 This study was designed to build three models, one for each portion of the Texas 

Exit exam, that predict the probability of a student’s meeting a standard for that part of 

the Texas Assessment of Academic Skills Exit Level Exam (TAAS).  The three research 

questions were as follows: 

1.  Can an accurate predictive algorithm for a high-stakes test (Texas Assessment 

of Academic Skills Exit Level for Math, Writing, and Reading) be generated? 

2.  Which predictor variables are the strongest for performance on the 

mathematics, writing, and reading sections of the 10th grade TAAS Exit Level Exam? 

3.  Are the strongest predictor variables for the mathematics algorithm, the writing 

algorithm, and the reading algorithm the same? 

 In the previous three chapters, the need for a predictor model for high-stakes tests 

was developed.  This chapter briefly reviews the need for a predictive model, describes 

the mechanics of developing the model with logistic regression, and provides the 

resulting regression equations.  For each subject area, the independent variables in the 

logistic regression equation are described.  Next, the logistic regression run is presented 

and explained.  Because there are three models, each logistic regression run is treated 

individually.  Finally, the logistic regression equation for each model is described. 
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 At least one study showed that an excellent predictor of student success on a 

given test is the student’s performance on a similar test in a similar testing environment 

the previous year (Corbell, 2000).  It could be assumed, given confidence in the 

effectiveness of a school district’s curriculum and instruction, that a student who had 

been in that district and had progressed normally and who had passed the previous test 

stood a good chance of meeting the passing standard for the current year’s test.  

However, when students were not enrolled in that district or did not have a test score 

from the previous year, the district could not predict how they would perform on the exit 

test.  If administrators had a predictive model that used more variables than the previous 

year’s test score, they would be able to predict how each student would perform.  The 

ability to predict helps them to target students who will benefit from extra assistance 

which, if successful, will increase the number of students who pass the exit test.   

 Using any single independent variable to predict a dependent variable has 

limitations.  For example, the correlation between a grade in a math course and a math 

standardized test score has four possible combinations.  A student can have a passing 

grade and pass the test, a passing grade and fail the test, a failing grade and pass the test, 

or a failing grade and fail the test.  Any single variable like a grade in a math course is 

not directly aligned with the exit test in this study or any other measure of subject 

knowledge.  Each one of the above four combinations would have a specific probability 

associated with it, but, by using additional combinations, more variables such as gender, 

ethnicity, and course being taken, specific subgroups emerge with specific group 

characteristics that would give a more accurate conditional probability.   

 46



In this study, only the prediction of meeting an expected value is of concern.  The 

dependent variable is dichotomous—met the standard or did not meet the standard.  Thus, 

there is no need to predict an individual’s exact score, but only how likely the student is 

to make the expected value or higher.   

Logistic regression is useful for situations in which you want to be able to predict 

the presence or absence of a characteristic or outcome based on values of a set of 

predictor variables.  It is similar to a linear regression model but is suited to 

models where the dependent variable is dichotomous.  Logistic coefficients can be 

used to estimate odds ratios for each of the independent variables in the model. 

(SPSS®, 2003, p. 3) 

The research problem was to build three models, one for each portion of the exit 

exam, to predict the probability of a student meeting a standard on each part of the Texas 

Assessment of Academic Skills Exit Level Exam (TAAS).  Separate models were built 

for the mathematics, reading, and writing examinations.  The process and the model for 

each TAAS Exit Examination test are described below. 

Predictive Model for Mathematics 

This section explains the variables used in the equation and provides descriptive 

information from the population.  The dependent variable for the mathematics model is 

explained first.  Independent variables are separated into data available for all students 

and data available for some students. 
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Dependent Mathematics Variable 

 The dichotomous dependent variable for each model is coded as 0 for not meeting 

the expectation (failing) and 1 for meeting or exceeding the expectation (passing).  The 

state set the “met (minimum) expectations level” on the TAAS Exit Level Mathematics 

for the spring 2002 administration at 29 correct answers out of 60 questions or 48%.  For 

this study, 42 correct out of 60 questions, a raw score of 70%, was used as the minimum 

for meeting the standard.  There are several reasons for doing this.  One is that the test 

becomes known after years of administering it (Nathan, 2002).  Statewide data on exit-

level TAAS scores are accessible on Texas Education Agency’s Web site, 

http://www.tea.state.tx.us.  After the test had been administered for several years, scores 

began to increase and continued through the last administration.  With released versions 

of the test to study, the test became known by teachers and administrators (Klein, 

Hamilton, McCaffrey, & Stecher, 2000; Nathan, 2002).  Because the state minimum was 

low, almost all students (95.7%) met the minimum in 2002.  The dichotomy of pass/fail 

almost did not exist at the state’s minimum.  The old standards for this test administration 

were not on grade level, whereas the 2003 requirements are more on grade level, and the 

70% for passing reflects these standards.   

Using the higher criterion, 71.3% of the students in this study passed and 28.7% 

failed.  Raw scores ranged from 20.0% to 98.0%, with a mean of 76.13% and a standard 

deviation of 14.523. 
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Information Available on All Students 

 This section describes the 11 data items that every school has on all students.  The 

data items are gender, ethnicity, limited English proficiency status (LEP), economically 

disadvantaged status, number of graduation credits earned, math course taken the 

previous year, first- and second-semester averages for the previous year math course, 

first- and second-semester exam scores for the previous year math course, and the math 

course taken for the current year.  The data items are either categorical variables or 

quantitative variables.  Only 5 of the listed data items are not categorical but interval:  

first- and second-semester averages, first- and second-semester exams, and credits.  First 

the categorical variables, then the quantitative variables are described. 

Independent Math Categorical Variables 

 The sample for the model of the mathematics test included 446 students, 54.0% 

female and 46.0% male.  Performance for both groups was similar, with 71.0% of the 

females and 71.7% of the males meeting the passing standard for this study. 

 Ethnicity.  Ethnicity was divided into five categories as defined by the state.  

Those were Native American, Asian/Pacific Islander, African American, Hispanic, and 

White.  Native Americans represented 0.7% of the population, or just 3 students, with 

66.7% meeting the standard.  Asian/Pacific Islander represented 8.5% of the population, 

with 81.6% meeting the standard. African American students were 20.2% of the 

population, with 54.4% meeting the standard. Hispanics were 30.3% of the population, 

with 63.0% meeting the standard; and 40.4% of the population was White, with 83.9% 

meeting the standard. 
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 Additional interaction of ethnicity/gender grouping combinations can be seen in 

Table 2.  Table 2 shows that the overall meeting-standards percentages for gender do not 

differ and the meeting-standard percentages across ethnicity for the two genders parallel 

each other.  The group with the highest percentage meeting the math standard was the 

Asian/Pacific Islander females (89.5%), closely followed by the White males (87.3%).  

Almost half of the African American group failed to meet the math standard.   

Table 2   
 
Percentage of Ethnicity / Gender Subgroup Meeting Math Standard 
 
Gender Native 

American 
Asian / 

Pacific Is 
African 

American 
Hispanic White Total 

 % n % n % n % n % n % n 

Female  89 19 54 50 63 71 81 101 71 241 

Male 66 3 73 19 55 40 62 64 87 79 71 205 

Total 66 3 81 38 54 90 63 135 83 180 71 446 

 
Note.  Percentage columns are of the n columns.  All percentage numbers are truncated to 

whole numbers. 

 Socioeconomic Status.  Economic status or family income is voluntarily reported 

by the student’s guardian to the District Food Services Department, which determines the 

economically disadvantaged status.  The variable is reported by the Texas Education 

Agency (TEA) in the Academic Excellence Indicator System (AEIS) as a dichotomous 

variable, either on free or reduced lunch or not.  It is treated similarly in this study.  

Almost one third (31.6%) of the population was economically disadvantaged; 54.6% of 
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that group met the standard.  Of the approximately two thirds (68.4%) that was not 

economically disadvantaged, 78.9% met the standard. 

 Limited English Proficiency.  A limited English proficiency (LEP) student is 

defined in the Texas Education Code chapter 29 section 052 as “a student whose primary 

language is other than English and whose English language skills are such that the 

student has difficulty performing ordinary classwork in English” (Texas Legislative 

Council, n.d.).  This variable is also dichotomous, with 12.3% of the population classified 

as LEP.  Of that group, 38.2% met the standard.  Of those who were not LEP (87.7%), 

76.0% met the standard. 

 Performance in previous year’s course.  For this analysis, both the course taken 

the year before the test year and the course taken during the test year were categorized as 

below-, on-, or above- grade-level.  Because this group of students was in 10th grade at 

the time of test administration, Geometry was the on-grade-level course for the current 

year and Algebra I was the on-grade-level course for the previous year.  For the year 

before testing (last year), the only below-grade-level option was Algebra I ESL.  

Geometry and Algebra II were above.  For the testing year (this year), Algebra I ESL and 

Algebra I were below.  Algebra II and Pre-Calculus were above.  Table 3 summarizes the 

course classification. 

Students enrolled in classes that are on- or above-grade-level were two to three 

times more likely to meet the standard for the TAAS Exit Math Examination than those 

in below-grade-level classes.  For the year before testing, 8.7% of the population was in a 

below-grade-level class, with 33.3% of them meeting the TAAS Exit math standard.  
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Approximately 58.2% of the population was on-grade-level, with 64.2% meeting the 

math standard.  One third of the population was above-grade-level, with 93.9% meeting 

the math standard.  For the testing year, 6.5% of the population was in a below-grade-

level class, with 24.1% meeting the math standard; 61.7% of the population was on-

grade-level, with 63.6% meeting the math standard; and 31.8% of the population was 

above-grade-level, with 95.8% meeting the math standard.  Table 4 summarizes student 

performance on the exit examination by level of mathematics class.   

Table 3   

Math Course Classification by Year 

 Below-grade-level On-grade-level Above-grade-level 

Year before testing 

(9th grade) course 

Algebra I ESL Algebra I Geometry 

Algebra II 

Testing year 

(10th grade) course 

Algebra I ESL 

Algebra I 

Geometry Algebra II 

Pre-Calculus 

 

Additional interaction of ethnicity with course classification grouping 

combinations can be seen in Table 5, which shows the percentage of each ethnic group 

meeting the math standard by level of course enrolled in for the testing year.  The 

majority of students are on-grade-level, as shown in Table 4.  Across ethnicity for each 

course classification, there is little variance except for the African American students in 

the on-grade-level courses.   
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Table 4   

Percentage of Students and Student Success by Math Course Classification 

Below-grade-level On-grade-level Above-grade-level  

% n % n % n 

Year before testing 

% students 

% meeting standard 

 

8.7% 

33.3% 

 

446 

39 

 

58.2% 

64.2% 

 

446 

260 

 

33.0% 

93.9% 

 

446 

147 

Testing year 

% students 

% meeting standard 

 

6.5% 

24.1% 

 

446 

29 

 

61.7% 

63.6% 

 

446 

275 

 

31.8% 

95.8% 

 

446 

142 

 
Table 5   
 
Percentage of Ethnicity / Course Testing Year Subgroup Meeting Math Standard 
 
Course 
level 

Native 
American 

Asian / 
Pacific Is 

African 
American 

Hispanic White Total 

 % n % n % n % n % n % n 

Below  50 2 0 3 25 20 25 4 24 29 

On  50 2 68 19 47 73 64 93 75 88 63 275 

Above 100 1 100 17 100 14 90 22 95 88 95 142 

 

Independent Math Interval Variables 

In addition to the categorical data that any school would have available for all 

students, there are some interval data as well.  In this setting, semester averages and 
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semester exam scores from the previous year’s math course were available for use in the 

model. 

Semester average in previous year math course.  Semester average, as defined by 

the district, is the average calculated using the three 6-week averages and a semester 

exam (discussed in a later section) from a course, with each part being equally weighted 

at 25%.  Each 6-week average, as defined by each individual teacher, is based on grades 

taken on classwork, homework, quizzes, chapter or major tests, notebooks, projects, and 

student effort to some degree.  Categories are generally weighted for the averaging 

process for the 6-week average.  Semester average could then be thought of as a refined 

or smoothed reflection of the student’s performance.  To pass the semester, a student 

must have an average of 70 or higher within a range of 0 to 100.  Ideally, the average 

would indicate the student’s mastery level of the course content, minimally dictated by 

the state in the Texas Essential Knowledge and Skills (TEKS).  The majority of the 

population (89.9%) had a first-semester passing average for the math course taken the 

year before testing, and 85.2% had a passing average for the second semester of the 

course.  Data were available on 446 students.  Averages ranged from a minimum first-

semester average of 35 to a maximum of 100.  The mean of the first-semester averages 

was 80.72 with a standard deviation of 10.11.  Second-semester averages ranged from 25 

to 99, with a mean of 78.70 and a standard deviation of 10.94.  Table 6 shows the 

percentage of passing averages by course classification.   

Not all students who passed the semester met the standard on the TAAS math 

exam.  Table 7 shows the percentage meeting the math standard by semester average and 
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course classification for the previous year.  Table 7 shows that students have a better 

chance of meeting the standard if they pass the semester.  Of those who passed their first-

semester math course the previous year, 74.3% met the standard.  Of the population that 

failed first semester (10.1%), 40.0% met the standard.  Second semester, 75.8% of all 

students with a passing average met the math standard.  Of the 14.8% of the population 

that failed to receive a passing average second semester, 45.5% met the standard.   

Table 6   

Percentage of Students With Passing Math Averages by Course Classification 

Year before testing % of total students First-semester 
ave - % passing 

Second-semester 
ave - % passing 

Below-grade-level 8.7% 89.7% 66.7% 

On-grade-level 58.2% 91.2% 85.0% 

Above-grade-level 33.0% 89.8% 89.8% 

% of total students 100% 89.9% 85.2% 

 
Note.  N=446. 

 The correlation of the semester averages with the raw math TAAS percentage 

score was low for both semesters.  The correlation coefficient squared “gives the 

proportion of variation in y that can be attributed to an approximate linear relationship 

between x and y” (Peck et al., 2001, p. 184).   First semester-average had a correlation 

coefficient squared value of 0.118, whereas second-semester average was 0.169.  This 

means that only about 15% of the observed variability in raw math TAAS scores can be 

explained by an approximate linear relationship between raw math TAAS scores and 
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semester averages.  As seen on the previous tables, a trend does exist, but it is extremely 

weak.  First-semester average was better at predicting second-semester average, as would 

be expected with a correlation squared values of 0.539. 

Table 7   

Percentage Meeting the Math Standard by Semester Average Pass or Fail and Course 

Classification 

First semester Second semester 
Year before 
testing 

 
Passing ave. 

 
Failing ave. 

 
Passing ave. 

 
Failing ave. 

 % n % n % n % n 

Below-grade-
level 

37.5% 32 14.3% 7 42.3% 26 15.4% 13 

On-grade-level 67.9% 237 26.1% 23 67.6% 222 44.7% 38 

Above-grade-
level 

96.2% 132 73.3% 15 96.2% 132 73.3% 15 

Total % 
meeting 
standard 

74.3% 401 40.0% 45 75.8% 380 45.5% 66 

 

Semester exam scores in previous year math course.  Semester exam scores from 

the previous year’s math course also are available for all students because the grades are 

reported from transfer students’ previous schools.  These exams are made by individual 

teachers or by a collaborative effort of same-subject teachers.  Semester exams are 

generally comprehensive in nature, testing what has been covered in a semester.  Many of 

these tests are multiple choice so that they can be graded quickly.  The semester exam is a 

high-stakes test for students; because, in this particular population, the grade is 25% of 

the average, this single grade could make the difference between passing or failing the 
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course for the semester.  During the year before testing, 75.8% of the population had a 

first-semester exam grade of 70 or higher within a range of 0 to 100, whereas 72.0% had 

an exam grade of 70 or higher second semester.  Data were available for 446 students, 

with a minimum first-semester exam score of 0 and a maximum of 100.  The mean of the 

first-semester exam scores was 78.07, with a standard deviation of 14.40.  Second-

semester exam scores had a minimum of 0 and a maximum of 100.  The mean of the 

second-semester exam scores was 74.59, with a standard deviation of 15.73.  A semester 

exam score of 0 could be achieved when the student chose not to take the test or actually 

took the test and missed every question.  Table 8 shows the percentage of passing exam 

scores by course classification. 

Not all students who passed their semester exam met the standard on the TAAS 

math exam.  Table 9 shows the percentage meeting the math standard by semester exam 

and course classification for the year before testing.  Table 9 assists in showing that 

students have a better chance of meeting the standard if they pass the semester exam. 

Of those who passed their first-semester math exam the previous year, 79.9% met 

the math standard.  Of the population that failed first semester (24.2%), 44.4% met the 

math standard.  Second semester, 82.2% met the math standard of those who had a 

passing average, whereas of the 28.0% of the population failing second semester, 43.2% 

met the standard.  
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Table 8   

Percentage With Passing Math Exam Scores by Course Classification 

Year before testing % of total students First-semester 
exam - % passing 

Second-semester 
exam - % passing 

Below-grade-level 8.7% 59.0% 46.2% 

On-grade-level 58.2% 76.2% 69.6 

Above-grade-level 33.0% 79.6% 83.0% 

% of total students 100% 75.8% 72.0% 

 
Note.  N=446. 
 
 The correlation of the semester exam score with the raw TAAS percentage score 

was low for both exams.  The first-semester exam score had a correlation squared value 

of 0.201, whereas second-semester exam score was 0.206.  As shown on the previous 

tables, only a weak linear relationship exists.  The first-semester exam score was not 

much better at predicting the second-semester exam score, with a correlation squared 

value of 0.303. 
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Table 9   

Percentage Meeting the Math Standard by Semester Exam Pass or Fail and Course 

Classification 

First semester Second semester 

Year before 
testing 

 
Passing exam 

 
Failing exam 

 
Passing exam 

 
Failing exam 

 % n % n % n % n 

Below-grade-
level 

47.8% 23 12.5% 16 61.1% 18 9.5% 21 

On-grade-level 
 

74.7% 198 30.6% 62 75.1% 181 39.2% 79 

Above-grade-
level 

94.8% 117 90.0% 30 95.9% 122 84.0% 25 

Total % 
meeting 
standard 

79.9% 338 44.4% 108 82.2% 321 43.2% 125 

 

Information Available for Some Students 

The section above shows data that every school has on all students.  Data for other 

independent variables that could add to the predictive power of the model are unavailable 

for students who were not in the school or district the year before the testing or who were 

absent during various testing times.  This information includes previous standardized test 

scores, local pretest scores, and other localized data that would vary by school or district.  

For this study three additional data items were available for some of the students: the 

Iowa Test of Basic Skills scores, scores from a pretest given in spring the year before 

testing, and scores from a pretest in fall the testing year.  This information was not 

available for all students in the population of interest because students were either absent 
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on the test day or not enrolled in the school at the time that test was administered.  

Students for whom this information was not available were eliminated.  

The Iowa Test of Basic Skills (ITBS) is a norm-referenced test covering several 

content areas, one of which is mathematics.  Students’ results were reported as a scaled 

score.  “The Scale Score describes achievement on a continuum that in most cases spans 

the complete range of Kindergarten through Grade 12” (CTB McGraw-Hill, n.d.).  ITBS 

math scores were available on 386 students out of the population of 446.  The minimum 

scale score was 182, and the maximum was 331.  Scale Scores range in value from 

approximately 100 to 400.  The mean score of the 386 students was 261.16, with a 

standard deviation of 29.67.  The ITBS had a correlation coefficient squared of 0.49, with 

the raw math TAAS percentage scores. 

Both pretests for which scores were available were released versions of the actual 

TAAS test from the previous year.  One would expect the scores on the pretest to be 

highly predictive of scores on the TAAS Exit Level Exam, and both pretests did have the 

highest linear correlation of the math interval data previously examined in this study.  

The correlation coefficient squared for the pretest taken in spring the year before testing 

was 0.51.  Data were available for 441 students, and scores ranged from a minimum score 

of 18% to a maximum score of 100.  The mean was 78.37, with a standard deviation of 

17.49.  The fall pretest taken the year of testing had a correlation coefficient squared of 

0.61.  These data were available for 419 students, and scores ranged from a minimum of 

17% to a maximum of 98%.  The mean was 67.38, with a standard deviation of 18.16. 
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Summary 

 Each variable showed a relationship with the dependent math variable; however, 

no single variable had a strong enough relationship to be a good predictor for an 

individual.  In addition, the variables used in this manner identified only the group 

needing possible intervention.  A third to almost a half of the African American females 

and males and the Hispanic females and males showed the need for intervention, as 

shown in Table 2.  The data presented this way fail to indicate who was in that third.  The 

data in Table 5 show a need in the below-grade-level course.  Above-grade-level course 

shows the opposite; no intervention was needed.  Neither of these results was surprising.  

This would help narrow the field to those who might need extra intervention.  Using 

grades and averages from first and second semester in the three course level strata would 

help to narrow more.  But even if all the grouping were combined, it would still be 

oriented by group and not by individual student.  Thus, a model with multiple variables 

for individual students was needed. 

Developing the Mathematics Model 

Math Model Using All Variables Available on All Students 

 Student data were placed in an Excel spreadsheet, and the file was entered into 

SPSS® statistical package version 12.0.  Under the regression menu, binary logistic 

regression was selected.  Variables were then selected and defined.  The first step was to 

model using variables available on all students.  Table 10 lists the variables in the model 

when all variables were used.  This model resulted in an overall correct prediction rate of 

81.9%.  
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 Sensitivity and specificity of the model were examined. 

 Sensitivity is the proportion of cases with the event that are correctly predicted 

 to have the event.  Specificity is the proportion of cases without the event that are 

 correctly predicted to not have the event.  The false positive rate is the proportion  

 of cases without the event who are predicted to have the event.  The false negative 

 rate is the proportion of cases with the event who are predicted not to have the 

 event. (Norusis, 2003, p. 353) 

This model had a sensitivity of 91.8%.  Of the group observed meeting the math standard, 

91.8% were predicted correctly.  It had a specificity of 57.5%.  This means that, of those 

not meeting the math standard, 57.5% were predicted correctly.  The false positive rate 

was 42.5%.  This means that, of those not meeting the math standard, 42.5% were 

predicted incorrectly.  The false negative rate was 8.2%, meaning that, of the group 

meeting the math standard, 8.2% were predicted incorrectly.  Of those the model 

predicted to meet the math standard, 84.3% did.   

The model or logistic regression algorithm generates a probability value between 

0 and 1 for each student in the population.  The values between 0 and less than 0.50 are 

considered to be 0 or not meeting the standard.  Conversely, any probability of half or 

greater is considered to be 1, or meeting the standard. 

In logistic regression, the probability of an event occurring = 1 / ( 1 + e -Z  ), where 

Z is the linear combination Z = B0 + B1X1 + B2X2 + … + BpXp.  The “B” column in 

Table 10 shows the B coefficients in the regression equation.  For this particular run the 

linear combination is Z = -4.122 + 0.045 (number of credits) + 0.457 (0 for female or 1 
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for male) + 0.855 (1 if Asian 0 if not) – 0.620 (1 if African American, 0 if not) + 0.461(1 

if Hispanic, 0 if not) – 0.675 (1 if economically disadvantaged, 0 if not) – 0.457 (1 if 

limited English proficient, 0 if not) – 2.408 (1 if previous course below-grade-level, 0 if 

not) – 1.321 (1 if previous course on-grade-level, 0 if not) + 0.037 (previous year first-

semester exam) + 0.052 (previous year first-semester average) + 0.030 (previous year 

second-semester exam) – 0.031 (previous year second-semester average) – 1.232 (1 if 

current year course below-grade-level, 0 if not) – 1.031 (1 if current year course on-

grade-level, 0 if not).  Native American cases were eliminated from the modeling because 

there were only 3 cases.  This category of students would have to be reviewed 

independently because they did not represent enough data to be included in the modeling. 

For Table 10 and all subsequent tables that list the variables in the equation, the 

following definitions explain the columns: 

 B:  The weighting value of B used in the equation:  The magnitude of B, along  

with the scale of the variable that B is used to weight, indicates the effect of the  

predictor variable on the predicted variable. 

 S.E.:  Standard error; a measure of the dispersion of B. 

 df:  degrees of freedom 

 Wald:  A measure of the significance of B for the given variable; higher values in  

combination with the degrees of freedom, indicate significance. 

 Sig:  The significance of the WALD test. 

 Exp(B):  eB, used to help in interpreting the meaning of the regression  

coefficients. (George & Mallery, 2003, p. 330)   
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eB is also referred to as the odds ratio.  An odds ratio greater than 1 means that the odds 

of the event are increased, whereas a ratio of less than 1 means that the odds are 

decreased.  An odds ratio equal to 1 means that the odds are unchanged. 

 The remaining two columns give the lower and upper bounds for the 95% 

confidence interval for Exp(B).  If the lower bound is less than 1 and the upper bound is 

greater than 1, then it cannot be concluded that the odds for the variable change as the 

value of the variable changes.  Thus, the significance of the variable is questionable. 

 From Table 10 it can be seen that all variables, although included in this model, 

are insignificant (Sig column).  Only those variables with a significance of .05 or less are 

considered significant.  Significant variables were SES (socioeconomic status), below-

grade-level course for the year before testing (course 00-01), first-semester exam, and 

second-semester exam.  The others are not and their inclusion is suspect.  Hosmer and 

Lemeshow (2000) suggested a 0.25 significance level for screening and keeping any 

variables that are of known importance (p. 95).  Even so, this model yielded an 84.3% 

accurate prediction of meeting the standard and a 73.7% accurate prediction of those not 

meeting the standard. 
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Table 10 

Variables in the Math Equation Using All Basic Variables 
 
       95% CI  Exp(B)
 B S. E. Wald df Sig Exp(B) lower upper 
Credits .045 .136 .111 1 .739 1.046 .802 1.366 
Gender .457 .283 2.609 1 .106 1.580 .907 2.753 
Ethn   10.974 3 .012    
Asian .855 .667 1.645 1 .200 2.351 .637 8.683 
Af Am -.620 .361 2.957 1 .086 .538 .265 1.091 
Hisp .461 .390 1.397 1 .237 1.586 .738 3.410 
SES -6.75 .302 4.987 1 .026 .509 .282 .921 
LEP -4.57 .592 .597 1 .440 .633 .198 2.019 
Course 
00-01 

  4.752 2 .093    

Below -2.408 1.112 4.685 1 .030 .090 .010 .797 
On -1.321 .837 2.492 1 .114 .267 .052 1.376 
1st sem 
exam 

.037 .017 4.942 1 .026 1.038 1.004 1.073 

1st sem 
average 

.052 .029 3.183 1 .074 1.053 .995 1.115 

2nd sem 
exam 

.030 .018 2.897 1 .089 1.031 .995 1.067 

2nd sem 
ave 

-.031 .030 1.057 1 .034 .969 .913 1.029 

course 
01-02 

  1.456 2 .483    

on -1.232 1.086 1.287 1 .257 .292 .035 2.451 
below -1.031 .885 1.357 1 .244 .357 .063 2.020 
constant -4.122 1.687 5.971 1 .015 .016   
 
Math Model Using Selected Variables Available on All Students 

 Hosmer and Lemeshow (2000) stated that, “given a choice, we prefer to use the 

likelihood ratio test for both entry and removal as research has shown it has the best 

statistical properties” (p. 126).  Table 11 shows the results when “Forward Selection with 

the Likelihood-Ratio Criterion” was selected in SPSS®.  This method is described as a 

“stepwise selection method with entry testing based on the significance of the score 
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statistic, and removal testing based on the probability of a likelihood-ratio statistic based 

on the maximum partial likelihood estimates” (SPSS®, 2003, p. 6).  Table 11 shows the 

variables that remained in the equation after this process was done.  This model had an 

overall correct predicted percentage of 81.5%, which is almost the same as the previous 

model.  Because there are fewer variables this model should be more stable.  The 

variables not in this model were credits, gender, LEP, second-semester exam and 

average, and course 01-02.  The variables not included in the model were eliminated 

because they had an insignificant impact on the predicted variable, meeting expectation 

on the TAAS math test.   This model had a sensitivity of 91.8% and a specificity of 

55.9%.  The false positive rate was 44.1%, and the false negative rate was 8.2%.  Of 

those the model predicted to pass, 83.8% did. 

Math Model Using All Possible Variables Available on Some Students 

 Another model was developed by adding the data described earlier that was 

available for only some students in this study and that might not be available in all 

districts.  The same forward selection process was used, but this time all possible 

variables were included for possible selection to the model.  Because not all cases had all 

of the new variables, 124 cases were dropped, leaving 319 cases for modeling.  This 

model, shown in Table 12, had an overall predicted correct percentage of 89.3%.  This 

model had a sensitivity of 94.3% and a specificity of 72.2%.  The false positive rate was 

27.8%, and the false negative rate was 5.7%.  Of those the model predicted to pass, 

92.1% did.  
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Table 11   
 
Variables in the Math Equation Using Basic Variables From Forward Selection Model 
 
       95% CI  Exp(B)
 B S. E. Wald df Sig Exp(B) lower upper 
ethn   11.213 3 .011    
Asian .777 .638 1.483 1 .223 2.174 .623 7.587 
Af Am -.710 .354 4.025 1 .045 .492 .246 .984 
Hisp .324 .369 .770 1 .380 1.382 .671 2.850 
SES -5.701 .294 5.702 1 .017 .496 .279 .882 
course 
00-01 

  41.159 2 .000    

below -3.764 .610 38.018 1 .000 .023 .007 .077 
on -2.200 .410 28.846 1 .000 .111 .050 .247 
1st sem 
exam 

.046 .016 8.421 1 .004 1.047 1.015 1.080 

1st sem 
average 

.048 .022 4.663 1 .031 1.049 1.004 1.096 

constant -4.216 1.133 13.842 1 .000 .015   
 

Table 12   
 
Variables in the Math Equation Using All Variables From Forward Selection Model 
 
       95% CI  Exp(B)
 B S. E. Wald df Sig Exp(B) lower upper 
male 1.215 .432 7.907 1 .005 3.371 1.445 7.863 
ITBS .025 .010 6.572 1 .010 1.025 1.006 1.045 
9th diag .055 .021 6.520 1 .011 1.056 1.013 1.101 
10th 
diag 

.054 .018 9.095 1 .003 1.055 1.019 1.093 

1st sem 
exam 

.033 .015 4.751 1 .029 1.033 1.003 1.064 

constant -15.704 2.430 41.770 1 .000 .000   
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Mathematics Modeling Summary 

 Can an accurate predictive algorithm for a high stakes math test be generated?  

This study shows that a fairly accurate predictive algorithm can be developed for math.  

Each of the three models had better than 80% predictive rates.  The one variable that 

occurred in all three models was the score on the semester exam from the first semester 

of the course taken the previous year.  For each point increase on the exam, the 

probability was increased, as shown in Tables 10, 11, and 12, column B.  Due to the 

nature of the tests, it should be of no surprise that the ITBS and the two pretests were 

selected as predictor variables for the last model.  Other variables having significance 

were course taken the year before and the first-semester average. If teachers and 

administrators use this information to provide students special assistance, there is time to 

help students before the test date. 

 The following example is given to better understand the possibility of identifying 

students needing assistance.  Table 13 is a probability table based on the model given in 

Table 11.  Table 13 has the following student constraints:  ethnicity is White; course is on 

grade level; is not economically disadvantaged.  The columns are the first-semester exam 

score, and the rows are the first-semester average.  The probabilities of meeting the math 

standard are in the body of the table.  The probability of meeting the standard is equal to 

1 over 1 plus e to the negative sum of coefficients times the value of the variables.  For 

Table 13 this is probability (meeting the math standard) = 1 / (1 + e-z), where z = -4.216 – 

2.2 + 0.046(first-semester exam score) + 0.048(first-semester average grade). 
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Table 13    

Probability Table for a Mathematics Scenario 

First-semester exam score 
First-

semester 
average 

 
40 

 
45 

 
50 

 
55 

 
60 

 
65 

 
70 

 
75 

 
80 

40 .065 .081 .100 .122 .149 .181 .218 .259 .306 

45 .081 .101 .123 .151 .183 .219 .261 .308 .359 

50 .101 .124 .152 .184 .221 .263 .310 .362 .416 

55 .126 .153 .186 .223 .265 .313 .364 .419 .476 

60 .154 .187 .225 .267 .315 .366 .421 .478 .535 

65 .189 .226 .269 .317 .369 .424 .481 .538 .594 

70 .228 .271 .319 .371 .426 .483 .540 .597 .651 

75 .273 .321 .373 .428 .486 .543 .599 .653 .703 

80 .323 .376 .431 .488 .545 .602 .655 .705 .751 

 

Values on Table 13 represent the probability of meeting the math standard given a 

first-semester exam score and a first-semester average.  The further the probability is 

from 0.5, the more definite the likelihood of meeting or not meeting the math standard.  

A student with both an exam score and an average of 80 has a probability of meeting the 

standard of .751.  This student has a high probability of meeting the standard, and 

intervention is not necessary.  Conversely, a student with an exam score of 45 and an 

average of 60 has a probability of meeting the standard of .187.  This student has a low 

probability of meeting the standard, so some intervention would be needed.  Table 13 
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helps to show or illustrate the need for students to know at least 70% of what is taught in 

a math course.  This correlates to the standard of 70% on the TAAS Mathematics Exit 

Level Exam that was used for this study.  A table such as Table 13 could be built for each 

possibility.  The ability to predict is available for anyone to use.  

 

Predictive Model for Reading 

This section explains the variables used in the equation and provides descriptive 

information from the population.  The dependent variable for the reading model is 

explained first.  Independent variables are separated into data available for all students 

and data available for some students. 

Dependent Reading Variable 

 The dichotomous dependent variable for each model is coded as 0 for not meeting 

the expectation (failing) and 1 for meeting or exceeding the expectation (passing).  The 

state set the “met (minimum) expectations level” on the TAAS Exit Level Reading for 

the spring 2002 administration at 29 correct answers out of 48 questions, or 60%.  For 

this study, 42 correct out of 48 questions, a raw score of 88%, was used as the minimum 

for meeting the standard.  As with the math modeling, there are several reasons for doing 

this:  Teachers and students become familiar with the test after it has been administered 

for several years; the state minimum is low, with almost all students (95.9%) meeting the 

minimum; and the standards for this test administration were not on grade level, whereas 

the 2003 requirements are more on grade level.  Using this criterion, 61.9% of the 

students in the sample passed, and 38.1% failed.  The minimum raw score made was 
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23.0%, and the maximum score was 100%.  The mean of the scores was 86.25%, with a 

standard deviation of 12.605. 

Information Available on All Students 

 This section describes the 11 data items that every school has on all students.  The 

data items are gender, ethnicity, limited English proficiency status (LEP), economically 

disadvantaged status, number of graduation credits earned, social studies and English 

courses taken the previous year, first- and second-semester averages for the previous year 

social studies and English courses, first- and second-semester exam scores for the 

previous year social studies and English courses, and the social studies and English 

courses taken for the current year.  The data items are either categorical variables or 

quantitative variables.  Only 5 of the listed data items are not categorical, but interval:  

first- and second-semester averages, first- and second-semester exams, and credits.  First 

the categorical variables are described, followed by descriptions of the quantitative 

variables. 

Independent Reading Categorical Variables 

 The sample for the model of the mathematics test included 444 students, 54.1% 

female and 45.9% male.  Performance for both groups was similar, with 65.1% of the 

females and 57.6% of the males meeting the passing standard for this study. 

 Ethnicity.  Ethnicity was divided into five categories as defined by the state: 

Native American, Asian/Pacific Islander, African American, Hispanic, and White.  

Native Americans represented 0.7% of the population, or just 3 students, with 66.7% 

meeting the standard.  Asians represented 8.1% of the population, with 62.2% meeting 
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the standard. African American students were 20.0% of the population, with 49.4% 

meeting the standard. Hispanics were 30.9% of the population, with 49.6% meeting the 

standard; and 40.3% of the population was White, with 76.5% meeting the standard. 

 Additional interaction of ethnicity/gender grouping combinations can be seen in 

Table 14.  Table 14 shows that the overall meeting-standards percentages for gender do 

not differ by 8%.  The meeting-standard percentages across ethnicity for the two genders 

parallel each other, but minority males are lower by 8% to 17%.  The group with the 

highest percentage meeting the reading standard was the White females (77.8%), closely 

followed by the White males (75.0%).  Over half of the African American and Hispanic 

male groupings failed to meet the reading standard.   

Table 14   

Percentage of Ethnicity / Gender Subgroup Meeting Reading Standard 

Gender Native 
American 

Asian / 
Pacific Is 

African 
American 

Hispanic White Total 

 % n % n % n % n % n % n 

Female  72 18 54 51 53 73 77 98 65 240 

Male 66 3 55 18 42 38 45 64 75 81 57 204 

Total 66 3 62 36 49 89 49 137 76 179 61 444 

 
Note.  Percentage columns are of the n columns.  All percentage numbers are truncated to 

whole numbers. 

 Socio-Economic Status.  Economic status or family income is voluntarily reported 

by the student’s guardian to the District Food Services Department, which determines the 

economically disadvantaged status.  The variable is reported by Texas Education Agency 
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(TEA) in the Academic Excellence Indicator System (AEIS) as a dichotomous variable, 

on free or reduced lunch or not.  It is treated similarly in this study.  Almost one third 

(31.3%) of the population was economically disadvantaged, with 47.4% meeting the 

standard.  Of the other almost two thirds (68.7%) who were not economically 

disadvantaged, 68.1% met the standard. 

 Limited English Proficiency.  A limited English proficiency (LEP) student is 

defined in the Texas Education Code chapter 29 section 052 as “a student whose primary 

language is other than English and whose English language skills are such that the 

student has difficulty performing ordinary classwork in English” (Texas Legislative 

Council, n.d.).  This variable is also dichotomous.  Of the 12.2% of the population 

classified as LEP, 22.7% met the standard.  Of those that were not LEP (87.8%), 67.2% 

met the standard. 

 Performance in previous year’s course.  For this analysis, the course taken the 

year before the test year and the course taken during the test year were categorized as 

below-, on-, or above- grade-level.  Since all students were not enrolled in a specific 

reading course, this study used social studies courses and English courses as substitutes 

for reading courses as predictors because of the amount of reading required by both.  

Because this group of students was 10th grade at the time of test administration, World 

History and English II were the on-grade-level courses for the current year and World 

Geography and English I were the on-grade-level course for the previous year.  For the 

year before testing (last year), the below-grade-level courses were World Geography ESL 

and English ESL.  Only English I Honors and English II were above.  For the testing year 
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(this year), World Geography, World History ESL, English I, and English ESL were 

below.  World History Honors, Advanced Placement (AP) World History, English II 

Honors, and Advanced Placement (AP) English Language were above.  Table 15 

summarizes the course classification. 

Table 15   

Social Studies and English Course Classification by Year  

 Below-grade-level On-grade-level Above-grade-level 

Year before testing 
(9th grade) course 

World Geography 
ESL 
 
English ESL 
 

World Geography 
 
 
English I 

None 
 
 
English I Honors 
English II 

Testing year 
(10th grade) course 

World Geography 
World History ESL 
 
 
English I 
English ESL 

World History 
 
 
 
English II 

World History 
Honors 
AP World History 
 
English II Honors 
AP English 
Language 

 

Students enrolled in classes on- or above-grade-level had better than an even 

chance of meeting the standard for the TAAS Exit Reading Examination.  In social 

studies courses taken the year before testing, 9.7% of the population was below-grade-

level, with 14.0% meeting the reading standard, and 90.3% of the population was on-

grade-level, with 67.1% meeting the reading standard.  For the testing year in social 

studies courses, 8.3% of the population was below-grade-level, with 18.9% meeting the 

reading standard; 67.1% of the population was on-grade-level, with 56.4% meeting the 

reading standard; and 24.5% of the population was above-grade-level, with 90.8% 

 74



meeting the reading standard. For the year before testing English courses, 12.4% of the 

population was below-grade-level, with 20.0% meeting the reading standard; 60.8% of 

the population was on-grade-level, with 55.5% meeting the reading standard; and 26.8% 

of the population was above-grade-level, with 94.9% meeting the reading standard.  For 

the testing year English courses, 14.4% of the population was below-grade-level, with 

23.4% meeting the reading standard; 59.0% of the population was on-grade-level, with 

56.9% meeting the reading standard; and 26.6% of the population was above-grade-level, 

with 93.2% meeting the reading standard.  Table 16 summarizes student performance in 

social studies and English classes. 

 Additional interaction of ethnicity with course classification grouping 

combinations for the testing year can be seen in Tables 17 and 18.  Tables 17 and 18 

show the percentage of the ethnic group meeting the reading standard for those course 

classifications.  The majority of students are on-grade-level, as shown in Table 16.  

Across ethnicity for each course classification, there is variance.  Only above-grade-level 

in English is without variance.  This stability would seem intuitive due to the nature of 

the students’ courses.  Additional implications are discussed in chapter 5.  
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Table 16    

Percentage of Students and Student Success on TAAS Reading Exam by Course 

Classification 

Below-grade-level On-grade-level Above-grade-level  

% n % n % n 

Year before testing 

Social studies 

% students  

% meeting standard 

English 

% students 

% meeting standard 

 

 

9.7% 

14.0% 

 

12.4% 

20.0% 

 

 

444 

43 

 

444 

55 

 

 

90.3% 

67.1% 

 

60.8% 

55.5% 

 

 

444 

401 

 

444 

270 

 

 

 

 

 

26.8% 

94.9% 

 

 

 

 

 

444 

119 

Testing year 

Social studies 

% students 

% meeting standard 

English 

% students 

% meeting standard 

 

 

8.3% 

18.9% 

 

14.4% 

23.4% 

 

 

444 

37 

 

444 

64 

 

 

67.1% 

56.4% 

 

59.0% 

56.9% 

 

 

444 

298 

 

444 

262 

 

 

24.5% 

90.8% 

 

26.6% 

93.2% 

 

 

444 

109 

 

444 

118 
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Table 17  
 
Percentage of Ethnicity / Course Testing Year Subgroup Meeting Reading Standard for 

Social Studies 

Course 
level 

Native 
American 

Asian / 
Pacific Is 

African 
American 

Hispanic White Total 

 % n % n % n % n % n % n 

Below  0 1 16 6 11 27 100 3 18 37 

On  66 3 37 16 45 66 54 98 67 115 56 298 

Above  89 19 76 17 100 12 93 61 90 109 

 
Table 18  
 
Percentage of Ethnicity / Course Testing Year Subgroup Meeting Reading Standard for 

English 

Course 
level 

Native 
American 

Asian / 
Pacific Is 

African 
American 

Hispanic White Total 

 % n % n % n % n % n % n 

Below  11 9 28 7 23 47 100 1 23 64 

On  66 3 62 9 43 69 56 73 65 108 56 262 

Above  94 18 92 13 94 17 92 70 93 118 

Independent Reading Interval Variables 
 
 In addition to the categorical data that any school would have available for all 

students, there are some interval data as well.  In this setting, semester averages and 

semester exam scores from the previous year’s social studies course and English course 

were used. 
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 Semester average in previous year social study and English course.  Semester 

averages, as defined earlier in Semester Average in Previous Year Math Course section, 

apply to social studies and English courses as well.  The majority of the population 

(93.9%) had a first-semester passing average for the social studies course taken the year 

before testing, and 92.6% had a passing average for the second semester of the course.  

Similar results occurred with the English courses, where 89.9% had a passing average for 

the first semester of the course and 87.8% for the second semester.  Data were available 

on 444 students.  Social studies averages ranged from a minimum first-semester average 

of 50 to a maximum of 100.  The mean of the first-semester averages was 83.19, with a 

standard deviation of 9.30.  Second-semester averages ranged from 43 to 100, with a 

mean of 82.11 and a standard deviation of 9.63.  English averages ranged from a 

minimum first-semester average of 44 to a maximum of 100.  The mean of the first-

semester averages was 80.23, with a standard deviation of 8.79.  Second-semester 

averages ranged from 41 to 98, with a mean of 79.44 and a standard deviation of 8.95.  

Table 19 shows the percentage of passing averages by course classification for both 

social studies and English courses. 

Not all students who passed the semesters met the standard on the TAAS reading 

exam.  Table 20 shows the percentage meeting the reading standard by semester average 

and course classification for the previous year.  Table 20 shows that students have a 

better chance of meeting the standard if they pass the semester.  Of those who passed 

their first-semester social studies course the previous year, 63.5% met the standard.  Of 

the population that failed first semester (6.1%), 37.0% met the standard.  Second 
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semester, 63.7% of all students with a passing average met the reading standard.  Of the 

7.4% of the population that failed to receive a passing average second semester, 39.4% 

met the standard.  Of those who passed their first-semester English course the previous 

year, 64.6% met the standard.  Of the population that failed first semester (10.1%), 37.8% 

met the standard.  Second semester, 63.8% of all students with a passing average met the 

reading standard.  Of the 12.2% of the population that failed to receive a passing average 

second semester, 48.1% met the standard.   

Table 19  

Percentage With Passing Social Studies and English Averages by Course Classification 

Year before testing % of total students First-semester 
ave - % passing 

Second-semester 
ave - % passing 

Social studies courses 

Below-grade-level 9.7% 86.0% 88.0% 

On-grade-level 90.3% 94.8% 93.0% 

Above-grade-level    

% of total students 100% 93.9% 92.6% 

English courses 

Below-grade-level 12.4% 87.3% 87.3% 

On-grade-level 60.8% 87.4% 84.8% 

Above-grade-level 26.8% 96.6% 95.0% 

% of total students 100% 89.9% 87.8% 

 
Note.  N=444. 
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The correlation of the semester averages with the raw reading TAAS percentage 

score was extremely low for both semesters for both types of courses.  First-semester 

average in social studies had a correlation coefficient squared value of 0.128, whereas 

second-semester average was 0.115.  This means that only about 12% of the observed 

variability in raw reading TAAS scores can be explained by an approximate linear 

relationship between raw reading TAAS scores and social studies semester averages.  

First-semester average in English had a correlation coefficient squared value of 0.017, 

whereas second-semester average was 0.025.  This means that only about 2% of the 

observed variability in raw reading TAAS scores can be explained by an approximate 

linear relationship between raw reading TAAS scores and English semester averages.  

First-semester average was better at predicting second-semester average for social 

studies, with a correlation squared values of 0.559, but English was less, with a 

correlation squared value of 0.441. 
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Table 20   

Percentage Meeting the Reading Standard by Semester Average Pass or Fail and Course 

Classification 

First semester Second semester 
Year before 
testing 

 
Passing ave. 

 
Failing ave. 

 
Passing ave. 

 
Failing ave. 

 % n % n % n % n 
     Social studies courses 

Below-grade-
level 

16.2% 37 0.0% 6 13.2% 38 20.0% 5 

On-grade-level 68.2% 259 47.6% 21 68.9% 373 42.9% 28 

Above-grade-
level 

    

Total % 
meeting 
standard 

63.5% 417 37.0% 27 63.7% 411 39.4% 33 

     English courses 

Below-grade-
level 

18.8% 48 28.6% 7 18.8% 48 28.6% 7 

On-grade-level 58.5% 236 35.3% 34 58.1% 229 43.9% 41 

Above-grade-
level 

95.7% 115 75.0% 4 94.7% 113 100% 6 

Total % 
meeting 
standard 

64.6% 399 37.8% 45 63.8% 390 48.1% 54 

 
 
Semester exam scores in previous year social studies and English courses.  

Semester exam scores from the previous year’s social studies and English courses also 

were available for all students because the grades were reported from transfer students’ 

previous schools.  These exams had the same description and criteria as previously 

presented in the Semester Exam section of the Model for Mathematics section.  During 
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the year before testing, 80.0% of the population had a first-semester social studies exam 

grade of 70 or higher within a range of 0 to 100, whereas 73.2% had an exam grade of 70 

or higher second semester.  English had 80.4% of the population having a first-semester 

exam grade of 70 or higher within a range of 0 to 100, whereas 82.2% had an exam grade 

of 70 or higher second semester.  Data were available for 444 students, with a minimum 

first-semester social studies exam score of 32 and a maximum of 100.  The mean of the 

first-semester social studies exam scores was 79.26, with a standard deviation of 12.90.  

Second-semester social studies exam scores ranged from 0 to 100.  The mean of the 

second-semester exam scores was 77.92, with a standard deviation of 16.27.  English 

exam scores for the 444 students ranged from 0 to 100.  The mean of the first-semester 

English exam scores was 78.68, with a standard deviation of 12.85.  Second-semester 

English exam scores ranged from 0 to 99.  The mean of the second-semester exam scores 

was 78.09, with a standard deviation of 13.24.  A semester exam score of 0 could be 

achieved when the student chose not to take the test or actually took the test and missed 

every question.  Table 21 shows the percentage of passing exam scores by course 

classification.   

Not all students who passed their semester exam met the standard on the TAAS 

reading exam.  Table 22 shows the percentage meeting the reading standard by semester 

exam and course classification for the year before testing.  Table 22 assists in showing 

that students have a better chance of meeting the standard if they pass the semester exam. 
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Table 21  

Percentage With Passing Social Studies and English Exam Scores by Course 

Classification 

Year before testing % of total students First-semester  
exam - % passing 

Second-semester 
exam - % passing 

     Social studies courses 

Below-grade-level 9.7% 72.1% 74.4% 

On-grade-level 90.3% 88.8% 73.1% 

Above-grade-level    

% of total students 100% 80.0% 73.2% 

      English courses 

Below-grade-level 12.4% 76.4% 72.7% 

On-grade-level 60.8% 78.1% 79.3% 

Above-grade-level 26.8% 87.4% 93.3% 

% of total students 100% 80.4% 82.2% 

 
Note.  N=444. 

Of those who passed their first-semester social studies exam the previous year, 

66.5% met the reading standard.  Of the population that failed first semester (20.0%), 

only 42.7% met the reading standard.  For those who had a passing exam score second 

semester, 68.3% met the reading standard, whereas of the 26.8% of the population failing 

second semester, 44.5% met the standard.  Of those who passed their first-semester 

English exam the previous year, 68.1% met the reading standard.  Of the population that 
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failed first semester (19.6%), 36.8% met the reading standard.  Second semester, 68.2% 

met the reading standard of those who had a passing exam score, whereas of the 17.8% of 

the population failing second semester, 32.9% met the standard.  

The correlation of the semester exam score with the raw TAAS percentage score 

was low for both exams of both courses.  The first-semester social studies exam score had 

a correlation squared value of 0.092, whereas second-semester exam score was 0.070.  

The first-semester English exam score had a correlation squared value of 0.034, whereas 

second-semester exam score was 0.090.  The first-semester exam score was not much 

better at predicting the second-semester exam score for either subject, with a correlation 

squared value of 0.270 for social studies and 0.244 for English. 

Information Available for Some Students 

The section above shows data that every school has on all students.  Data for other 

independent variables that could add to the predictive power of the model were 

unavailable for students who were not in the school or district the year before the testing 

or who were absent during various testing times.  This information includes previous 

standardized test scores, local pretest scores, and other localized data that would vary by 

school or district.  As with the model for mathematics, three additional data items were 

available for some of the students: the Iowa Test of Basic Skills scores, scores from a 

pretest given in spring the year before testing, and scores from a pretest in fall the testing 

year.  This information was not available for all students in the population of interest 

because students were either absent on the test day or not enrolled in the school at the 
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time that test was administered.  Students for whom this information was not available 

were eliminated.  

Table 22   

Percentage Meeting the Reading Standard by Semester Exam Pass or Fail and Course 

Classification 

First semester Second semester 
Year before 
testing 

 
Passing exam 

 
Failing exam 

 
Passing exam 

 
Failing exam 

 % n % n % n % n 
     Social studies courses 

Below-grade-
level 

19.4% 31 0.0% 12 18.8% 32 0.0% 11 

On-grade-level 71.3% 324 49.4% 77 73.7% 293 49.1 108 

Above-grade-
level 

    

Total % 
meeting 
standard 

66.5% 355 42.7% 89 68.3% 325 44.5% 119 

     English courses 

Below-grade-
level 

21.4% 42 15.4% 13 20.0% 40 20.0% 15 

On-grade-level 63.0% 211 30.5% 59 63.1% 214 28.1% 56 

Above-grade-
level 

97.1% 104 80.0% 15 95.5% 111 87.5% 8 

Total % 
meeting 
standard 

68.1% 357 36.8% 87 68.2% 365 32.9% 79 

 

The Iowa Test of Basic Skills (ITBS) is a norm-referenced test covering several 

content areas, one of which is reading.  Students’ results were reported as a scaled score.  

“The Scale Score describes achievement on a continuum that in most cases spans the 

 85



complete range of Kindergarten through Grade 12” (CTB McGraw-Hill, n.d.)  ITBS 

reading scores were available on 387 students out of the population of 444.  The 

minimum scale score was 150, and the maximum was 318.  Scale Scores range in value 

from approximately 100 to 400.  The mean score of the 387 students was 258.87, with a 

standard deviation of 28.91.  The ITBS had a correlation coefficient squared of 0.433, 

with the raw math TAAS percentage scores. 

Both pretests for which scores were available were released versions of the actual 

TAAS test from the previous year.  One would expect the scores on the pretest to be 

highly predictive of scores on the TAAS Exit Level Exam, but neither pretests had strong 

correlation.  The correlation coefficient squared for the pretest taken in spring the year 

before testing was 0.41.  Data were available for 438 students, and scores ranged from a 

minimum score of 15% to a maximum score of 100%.  The mean was 81.08, with a 

standard deviation of 17.38.  The fall pretest taken the year of testing had a correlation 

coefficient squared of 0.50.  These data were available for 404 students, and scores 

ranged from a minimum of 15% to a maximum of 100%.  The mean was 76.21, with a 

standard deviation of 19.10. 

Summary 

 Each variable showed a relationship with the dependent reading variable.  

However, no single variable had a strong enough relationship to be a good predictor for 

an individual.  In addition, the variables used in this manner identified only the group 

needing possible intervention.  A fourth to over a half of the individuals in the various 

groupings of gender/ethnicity showed the need for intervention, as shown in Table 14.  
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The data presented this way fail to indicate who was in that fourth to a half.  The data in 

Tables 17 and 18 show a need in the below-grade-level course for minority groupings.  

Above-grade-level course shows the opposite in almost all groupings; no intervention 

was needed.  These findings were not surprising.  This would help narrow the field to 

those who might need extra intervention.  Using grades and averages from first and 

second semester in the three course level strata would help narrow the field even more.  

But even if all the groupings were combined, the orientation would still be by group, not 

individual student.  Thus, a model with multiple variables for individual students was 

needed. 

Developing the Reading Model 

Reading Model Using All Variables Available on All Students 

Student data were placed in an Excel spreadsheet, and the file was entered into 

SPSS® statistical package version 12.0.  Under the regression menu, binary logistic 

regression was selected.  Variables were then selected and defined.  The first step was to 

model using variables available on all students.  Table 23 lists the variables in the model 

when all variables were used.  This model resulted in an overall correct prediction rate of 

78.2%.  

 Sensitivity and specificity of the model were examined.  This model had a 

sensitivity of 85.1%.  Of the group observed meeting the reading standard, 85.1% were 

predicted correctly.  The model had a specificity of 66.9%.  This means that, of those not 

meeting the math standard, 66.9% were predicted correctly.  The false positive rate was 

33.1%.  This means that, of those not meeting the math standard, 33.1% were predicted 
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incorrectly.  The false negative rate was 14.9%, meaning that, of the group meeting the 

math standard, 14.9% were predicted incorrectly.  Of those the model predicted to meet 

the math standard, 80.6% did.  The model or logistic regression algorithm generates a 

probability value between 0 and 1 for each student in the population.  The values between 

0 and less than 0.50 are considered to be 0, or not meeting the standard.  Conversely, any 

probability half or greater is considered to be 1, or meeting the standard. 

In logistic regression, the probability of an event occurring = 1 / ( 1 + e -Z  ), where 

Z is the linear combination Z = B0 + B1X1 + B2X2 + … + BpXp.  The “B” column in 

Table 23 are the B coefficients in the regression equation.  For this particular run the 

linear combination is Z = -4.764 + 0.063 (number of credits) + 0.278 (0 for female or 1 

for male) - 0.380 (1 if Asian, 0 if not) – 0.367 (1 if African American, 0 if not) + 0.130(1 

if Hispanic, 0 if not) – 0.364 (1 if economically disadvantaged, 0 if not) + 0.330 (1 if 

limited English proficient, 0 if not) – 1.988 (1 if previous soc study course below grade 

level, 0 if not) + 0.001 (previous year SS first-semester exam) + 0.039 (previous year SS 

first-semester average) - 0.007 (previous year SS second-semester exam) + 0.029 

(previous year SS second-semester average) – 0.930 (1 if current year SS course below-

grade-level, 0 if not) – 0.627 (1 if current year SS course on-grade-level, 0 if no) – 2.589 

(1 if previous Eng course below-grade-level, 0 if not) – 1.938 (1 if previous Eng course 

on-grade-level, 0 if not) + 0.040 (previous year Eng first-semester exam) - 0.035 

(previous year Eng first-semester average) + 0.029 (previous year Eng second-semester 

exam) – 0.008 (previous year Eng second-semester average) + 0.389 (1 if current year 

Eng course below-grade-level, 0 if not) + 0.043 (1 if current year Eng course on-grade-
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level, 0 if no).  Native American cases were eliminated from the modeling because there 

were only 3 cases.  This category of students would have to be reviewed independently 

because they did not represent enough data to be modeled. 

 From Table 23 it can be seen that, while all variables are included in this model, 

not all are significant (Sig column).  Only those variables with a significance of .05 or 

less are considered significant.  Significant variables were English below-grade-level 

course for the year before testing (course 00-01), English on-grade-level-course for the 

year before testing (course 00-01), first-semester English exam, and second-semester 

English exam.  The others were not, and their inclusion was suspect.  Hosmer and 

Lemeshow (2000) suggested a 0.25 significance level for screening and keeping any 

variables that are of known importance (p. 95).  Even so, this model yielded an 80.6% 

accurate prediction of meeting the standard and a 73.9% accurate prediction of those not 

meeting the standard. 

Table 23 

Variables in the Reading Equation Using All Basic Variables 

       95% CI  Exp(B)
 B S. E. Wald df Sig Exp(B) lower upper 
credits .063 .124 .256 1 .613 1.065 .835 1.357 
gender 
male=1 

.278 .266 1.092 1 .296 1.321 .784 2.226 

ethn   2.587 3 .460    
Asian -.380 .583 .424 1 .515 .684 .218 2.146 
Af Am -.367 .341 1.159 1 .282 .693 .355 1.352 
Hisp .130 .343 .143 1 .705 1.139 .581 2.231 
SES -.364 .290 1.574 1 .210 .695 .394 1.227 
LEP .330 .775 .181 1 .670 1.391 .304 6.358 
 
                                                                                                                     (table continues)
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       95% CI  Exp(B)
 B S. E. Wald df Sig Exp(B) lower upper 
ss crse 
00-01 
below 

-1.988 1.061 3.511 1 .061 .137 .017 1.096 

1st sem 
ss exam 

.001 .016 .007 1 .931 1.001 .971 1.033 

1st sem 
ss ave 

.039 .028 1.898 1 .168 1.040 .984 1.099 

2nd sem 
ss exam 

-.007 .015 .221 1 .639 .993 .965 1.022 

2nd sem 
ss ave 

.029 .032 .837 1 .360 1.030 .967 1.096 

ss crse 
01-02 

  1.693 2 .429    

below -.930 .809 1.323 1 .250 .394 .081 1.925 
on -.627 .532 1.392 1 .238 .534 .188 1.514 
Eng crs 
00-01 

  9.088 2 .011    

below -2.589 1.073 5.819 1 .016 .075 .009 .615 
on -1.938 .658 8.678 1 .003 .144 .040 .523 
1st sem 
Eng ex 

.040 .018 5.024 1 .025 1.041 1.005 1.078 

1st sem 
Eng av 

-.035 .027 1.625 1 .202 .966 .915 1.019 

2nd sem 
Eng ex 

.029 .014 4.105 1 .043 1.029 1.001 1.059 

2nd sem 
Eng av 

-.008 .024 .115 1 .735 .992 .946 1.040 

Eng crs 
01-02 

  .377 2 .828    

below .389 .854 .207 1 .649 1.475 .277 7.865 
on .043 .642 .004 1 .947 1.044 .297 3.670 
constant -4.764 1.982 5.780 1 .016 .009   
 
Reading Model Using Selected Variables Available on All Students 
 

Table 24 shows the results when “Forward Selection with the Likelihood-Ratio 

Criterion” was selected in SPSS®.  This method is described as a “stepwise selection 

method with entry testing based on the significance of the score statistic, and removal 
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testing based on the probability of a likelihood-ratio statistic based on the maximum 

partial likelihood estimates” (SPSS®, 2003, p. 6).  Table 24 shows the variables that 

remained in the equation after this process was done.  This model had an overall correct 

predicted percentage of 77.6%, which is almost the same as the previous model.  Because 

there are fewer variables, this model should be more stable.  The variables not in this 

model were credits, gender, ethnicity, socioeconomic status (SES), LEP, first-semester 

social studies exam, second-semester social studies exam and average, social studies 

course for 01-02, first- and second-semester English average, and English course for 01-

02.  The variables not included in the model were eliminated because they had a 

nonsignificant impact on the predicted variable, meeting expectation on the TAAS 

reading test.   This model had a sensitivity of 87.1% and a specificity of 62.1%.  The false 

positive rate was 37.9%, and the false negative rate was 12.9%.  Of those the model 

predicted to pass, 78.7% did. 

Reading Model Using All Possible Variables Available on Some Students 

 Another model was developed adding the data described earlier that was available 

for only some students in this study and that might not be available in all districts.  The 

same forward selection process was used, but this time all possible variables were 

included for possible selection to the model.  Because all cases did not have all of the 

new variables, 86 cases were dropped, leaving 355 cases for modeling.  This model, 

shown in Table 25, had an overall predicted correct percentage of 82.3%.  This model 

had a sensitivity of 90.2% and a specificity of 66.7%.  The false positive rate was 33.3%, 

and the false negative rate was 17.7%.  Of those the model predicted to pass, 84.1% did.   
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Table 24   
 
Variables in the Reading Equation Using Basic Variables From Forward Selection  
 
Model 
 
       95% CI  Exp(B)
 B S. E. Wald df Sig Exp(B) lower Upper 
ss crs 
00-01 
below 

-1.829 .827 4.893 1 .027 .161 .032 .812 

1st sem 
ss ave 

.049 .016 8.985 1 .003 1.050 1.017 1.085 

Eng crs 
00-01 

  26.867 2 .000    

below -2.901 .818 12.580 1 .000 .055 .011 .273 
on -2.339 .460 25.914 1 .000 .096 .039 .237 
1st sem 
Eng ex 

.022 .011 4.072 1 .044 1.023 1.001 1.045 

2nd sem 
Eng ex 

.029 .011 6.443 1 .011 1.030 1.007 1.053 

constant -5.423 1.519 12.750 1 .000 .004   
 

Table 25      
 
Variables in the Reading Equation Using All Variables From Forward Selection Model 
 
       95% CI  Exp(B)
 B S. E. Wald df Sig Exp(B) lower upper 
1st sem 
ss ave 

.079 .019 16.554 1 .000 1.082 1.042 1.124 

ITBS .046 .008 30.477 1 .000 1.048 1.030 1.065 
9th diag .056 .015 14.347 1 .000 1.057 1.027 1.088 
constant -22.248 2.598 73.322 1 .000 .000   

 

Reading Modeling Summary 

 Can an accurate predictive algorithm for a high-stakes reading test be generated?  

This study shows that a fairly accurate predictive algorithm can be developed for reading.  
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Each of the three models had approximately an 80% predictive rate.  The one variable 

that occurred in all three models was the average from the first semester of the social 

studies course taken the previous year.  For each point increase on the average, the 

probability was increased, as shown in Tables 23, 24, and 25, column B.  Due to the 

nature of the tests, it should be of no surprise that the ITBS and one of the pretests were 

selected as predictor variables for the last model.  Other variables having significance 

were courses taken the year before and the first- and second-semester exams in English. 

With these being significant, administration is given time to intervene. 

 

Predictive Model for Writing 

This section explains the variables used in the equation and provides descriptive 

information from the population.  The dependent variable for the writing model is 

explained first.  Independent variables are separated into data available for all students 

and data available for some students. 

Dependent Writing Variable 

 The dichotomous dependent variable for each model is coded as 0 for not meeting 

the expectation (failing) and 1 for meeting or exceeding the expectation (passing).  The 

state set the “met (minimum) expectations level” on the TAAS Exit Level Writing for the 

spring 2002 administration at 43 points out of 80 points or 54%.  For this study, 61 points 

out of 80 points, a raw 76% was used as the minimum for meeting the standard.  As with 

the math and reading models, there are two reasons for doing this:  The test becomes 

familiar after several years of administration, and the state minimum is low with almost 
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all students (91.5%) meeting the minimum.  The dichotomy of pass/fail almost did not 

exist at the state’s minimum.  Using this study’s criterion, 66.9% of the students in the 

sample passed, and 33.1% failed.  Raw scores ranged from 20.0% to 100%, with a mean 

of 77.30% and a standard deviation of 14.74. 

Information Available on All Students 

 This section describes the 11 data items that every Texas secondary school has on 

all students.  The data items are gender, ethnicity, limited English proficiency status 

(LEP), economically disadvantaged status, number of graduation credits earned, writing 

course taken the previous year, first- and second-semester averages for the previous year 

writing course, first- and second-semester exam scores for the previous year writing 

course, and the writing course taken for the current year.  The data items are either 

categorical variables or quantitative variables.  Only 5 of the listed data items are not 

categorical but interval:  first- and second-semester averages, first- and second-semester 

exams, and credits.  First the categorical variables, then the quantitative variables are 

described. 

Independent Writing Categorical Variables 

 The sample for the model of the writing test included 447 students, 54.4% female 

and 45.6% male.  Performance for the two groups was different, with 72.7% of the 

females and 58.8% of the males meeting the passing standard for this study. 

 Ethnicity.  Ethnicity was divided into five categories as defined by the state:  

Native American, Asian/Pacific Islander, African American, Hispanic, and White.  

Native Americans represented 0.7% of the population, or just 3 students, with 66.7% 
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meeting the standard.  Asians represented 8.3% of the population, with 67.6% meeting 

the standard. African American students were 20.4% of the population, with 60.4% 

meeting the standard. Hispanics were 30.6% of the population, with 56.9% meeting the 

standard; and 40.0% of the population was White, with 77.7% meeting the standard. 

 Additional interaction of ethnicity/gender grouping combinations can be seen in 

Table 26.  Table 26 shows that the overall meeting-standards percentages for gender 

differ, and the meeting-standard percentages across ethnicity for the two genders parallel 

each other.  The group with the highest percentage of students meeting the writing 

standard was the White females (81.2%), closely followed by the Asian/Pacific Islander 

females (73.7%).  The same pattern seen with reading emerged for African American and 

Hispanic students, with fewer than half of the African American and Hispanic males 

meeting the writing standard, whereas 65.8% of the Hispanic females and 70% of the 

African American females met the standard.   

Table 26  
 
Percentage of Ethnicity / Gender Subgroup Meeting Writing Standard 
 
Gender Native 

American 
Asian / 
Pacific Is 

African 
American 

Hispanic White Total 

 % n % n % n % n % n % n 

Female  73 19 70 50 65 73 81 101 72 243 

Male 66 3 61 18 48 41 46 64 73 78 58 204 

Total 66 3 67 37 60 91 56 137 77 179 66 447 

 
Note.  Percentage columns are of the n columns.  All percentage numbers are truncated to 

whole numbers. 
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 Socioeconomic status.  Economic status or family income is voluntarily reported 

by the student’s guardian to the District Food Services Department, which determines the 

economically disadvantaged status.  The variable is reported by Texas Education Agency 

(TEA) in the Academic Excellence Indicator System (AEIS) as a dichotomous variable, 

on free or reduced lunch or not.  It is treated likewise in this study.  Almost one third 

(31.8%) of the population was economically disadvantaged.  Among that group, 54.9% 

met the standard.  Of the 68.2% that was not economically disadvantaged, 72.5% met the 

standard. 

 Limited English Proficiency.  A limited English proficiency (LEP) student is 

defined in the Texas Education Code chapter 29 section 052 as “a student whose primary 

language is other than English and whose English language skills are such that the 

student has difficulty performing ordinary classwork in English.” (Texas Legislative 

Council, n.d.)  This variable is also dichotomous.  LEP students were 12.5% of the 

population.  Of that group, 17.9% met the standard.  Of the 87.5% that were not LEP, 

73.9% met the standard. 

 Performance in previous year’s course.  For this analysis, both the course taken 

the year before the test year and the course taken during the test year were categorized as 

below-, on-, or above-grade-level.  Because this group of students was in the 10th grade at 

the time of test administration, English II was the on-grade-level course for the current, 

year and English I was the on-grade-level course for the previous year.  For the year 

before testing (last year), the only below-grade-level option was English ESL.  English I 

Honors and English II were above.  For the testing year (this year), English ESL and 
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English I were below.  English II Honors and Advanced Placement (AP) English 

Language were above.  Table 27 summarizes the course classification. 

Table 27   

English Course Classification by Year 

 Below-grade-level On-grade-level Above-grade-level 

Year before testing 

(9th grade) course 

English ESL English I English I Honors 

English II 

Testing year 

(10th grade) course 

English ESL 

English I 

English II English II Honors 

AP English 
Language 

 

Students enrolled in classes on- or above-grade-level were much more likely to 

meet the standard for the TAAS Exit Writing Examination than those in below-grade-

level classes.  For the year before testing, 13.0% of the population was below-grade-

level, with 10.3% meeting the TAAS Exit writing standard; 60.0% of the population was 

on-grade-level, with 66.8% meeting the writing standard; and 27.0% of the population 

was above-grade-level, with 94.2% meeting the writing standard.  For the testing year, 

14.5% of the population was below-grade-level, with 18.5% meeting the writing 

standard; 58.8% of the population was on-grade-level, with 66.5% meeting the writing 

standard; and 26.6% of the population was above-grade-level, with 94.1% meeting the 

writing standard.  Table 28 summarizes student performance in English classes. 

 Interaction of ethnicity with course classification grouping combinations can be 

seen in Table 29.  Table 29 shows the percentage of each ethnic group meeting the 
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writing standard by level of course enrolled in for the testing year.  The majority of 

students are on-grade-level, as shown in Table 28.  For each course classification, there is 

some variance among ethnic groups. Hispanics in the on-grade-level group appear to be 

higher, interestingly, even higher than Whites.  Also interesting is the African American 

group, with a 100% meeting the standard in the above-grade-level group. 

Table 28    

Percentage of Students and Student Success by English Course Classification 

 Below-grade-level On-grade-level Above-grade-level 

 % n % n % n 

Year before testing 

% students 

% meeting standard 

 

13.0% 

10.3% 

 

447 

58 

 

60.0% 

66.8% 

 

447 

268 

 

27.0% 

94.2% 

 

447 

121 

Testing year 

% students 

% meeting standard 

 

14.5% 

18.5% 

 

447 

65 

 

58.8% 

66.5% 

 

447 

263 

 

26.6% 

94.1% 

 

447 

119 

 

Independent Writing Interval Variables 

 In addition to the categorical data that any school would have available for all 

students, there are some interval data as well.  In this setting, semester averages and 

semester exam scores from the previous year’s English course were used. 

Semester average in previous year English course.  Semester average as defined 

earlier in the Semester Average in Previous Year Math Course section, apply to English 
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courses as well.  The majority of the population (89.7%) had a first-semester passing 

average for the English course taken the year before testing, and 87.5% had a passing 

average for the second semester of the course.  Data were available on 447 students.  

Averages ranged from a minimum first-semester average of 44 to a maximum of 100.  

The mean of the first-semester averages was 80.21, with a standard deviation of 8.81.  

Second-semester averages ranged from 41 to 98, with a mean of 79.40 and a standard 

deviation of 9.10.  Table 30 shows the percentage of passing averages by course 

classification.   

Not all students who pass the semester met the standard on the TAAS writing 

exam.  Table 31 shows the percentage meeting the writing standard by semester average 

and course classification for the previous year.  Table 31 shows that students have a 

better chance of meeting the standard if they pass the semester.  Of those who passed 

their first-semester writing course the previous year, 69.8% met the standard.  Of the 

population that failed first semester (10.3%), 42.6% met the standard.  Second semester, 

70.6% of all students with a passing average met the writing standard.  Of the 12.5% of 

the population that failed to receive a passing average second semester, 41.1% met the 

standard.   
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Table 29    
 
Percentage of Ethnicity / Course Testing Year Subgroup Meeting Writing Standard 
 
Course 
level 

Native 
American 

Asian / 
Pacific Is 

African 
American 

Hispanic White Total 

 % n % n % n % n % n % n 

Below  12 8 12 8 19 47 50 2 18 65 

On  66 3 63 11 58 70 72 73 67 106 66 263 

Above  94 18 100 13 94 17 93 71 94 119 

 

Table 30  

Percentage With Passing English Averages by Course Classification 

Year before testing % of total students First-semester 
ave - % passing 

Second-semester 
ave - % passing 

Below-grade-level 13.0% 87.9% 87.9% 

On-grade-level 60.0% 87.3% 84.7% 

Above-grade-level 27.0% 95.9% 93.4% 

% of total students 100% 89.7% 87.5% 

 
Note.  N=447. 
 
 The correlation of the semester averages with the raw writing TAAS percentage 

score was low for both semesters.  First-semester average had a correlation coefficient 

squared value of 0.03, whereas second-semester average was 0.07.  This means that only 

about 5% of the observed variability in raw writing TAAS scores can be explained by an 

approximate linear relationship between raw writing TAAS scores and semester 
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averages.  As seen on the previous tables, a trend does exist, but it is extremely weak.  

First-semester average was better at predicting second-semester average, as would be 

expected with a correlation squared values of 0.45. 

Table 31   

Percentage Meeting the Writing Standard by Semester Average Pass or Fail and Course 

Classification 

First semester Second semester 
Year before 
testing 

 
Passing ave. 

 
Failing ave. 

 
Passing ave. 

 
Failing ave. 

 % n % n % n % n 

Below-grade-
level 

9.8% 51 14.3% 7 11.8% 51 0.0% 7 

On-grade-level 70.4% 233 42.9% 35 71.4% 227 41.5% 41 

Above-grade-
level 

94.8% 116 80.0% 5 95.6% 113 75.0% 8 

Total % 
meeting 
standard 

69.8% 400 42.6% 47 70.6% 391 41.1% 56 

 

Semester exam scores in previous year English course.  Semester exam scores 

from the previous year’s English courses also were available for all students because the 

grades were reported from transfer students’ previous schools.  These exams have the 

same description and criteria as previously presented in the semester exam section of the 

model for mathematics section.  During the year before testing, 80.1% of the population 

had a first-semester exam grade of 70 or higher within a range of 0 to 100, while 81.9% 

had an exam grade of 70 or higher second semester.  Data were available for 447 

students, with a minimum first-semester exam score of 0 and a maximum of 100.  The 
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mean of the first-semester exam scores was 78.66, with a standard deviation of 12.83.  

Second-semester exam scores ranged from 0 to 99.  The mean of the second-semester 

exam scores was 78.13, with a standard deviation of 13.24.  A semester exam score of 0 

could be achieved when the student chose not to take the test or actually took the test and 

missed every question.  Table 32 shows the percentage of passing exam scores by course 

classification.   

Table 32  

Percentage With Passing English Exam Scores by Course Classification 

Year before testing % of total students First-semester  
exam - % passing 

Second-semester 
exam - % passing 

Below-grade-level 13.0% 77.6% 72.4% 

On-grade-level 60.0% 76.6% 79.1% 

Above-grade-level 27.0% 86.8% 92.6% 

% of total students 100% 80.1% 81.9% 

 
Note.  N=447. 
 

Not all students who passed their semester exam met the standard on the TAAS 

writing exam.  Table 33 shows the percentage meeting the writing standard by semester 

exam and course classification for the year before testing.  Table 33 assists in showing 

that students have a better chance of meeting the standard if they pass the semester exam. 

Of those who passed their first-semester writing exam the previous year, 71.5% 

met the writing standard.  Of the population that failed first semester (19.9%), 48.3% met 

the writing standard.  Second semester, 73.8% met the writing standard of those who had 
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a passing average, whereas of the 18.1% of the population failing second semester, 

35.8% met the standard.  

 The correlation of the semester exam score with the raw TAAS percent score was 

low for both exams.  The first-semester exam score had a correlation squared value of 

0.05, whereas second-semester exam score was 0.14.  As shown on the previous tables, 

only a weak linear relationship exists.  The first-semester exam score was not much better 

at predicting second-semester exam score, with a correlation squared value of 0.26. 

Table 33   

Percentage Meeting the Writing Standard by Semester Exam Pass or Fail and English 

Course Classification 

 First semester Second semester 
Year before 
testing 

Passing exam Failing exam Passing exam Failing exam 

 % n % n % n % n 
Below-grade-
level 

11.1% 45 7.7% 13 14.3% 42 0.0% 16 

On-grade-level 
 

72.6% 208 46.7% 60 74.1% 212 39.3% 56 

Above-grade-
level 

95.2% 105 87.5% 16 95.5% 112 77.8% 9 

Total % 
meeting 
standard 

71.5% 358 48.3% 89 73.8% 366 35.8% 81 

Information Available for Some Students 

The section above shows data that every school has on all students.  Data for other 

independent variables that could add to the predictive power of the model were 

unavailable for students who were not in the school or district the year before the testing 

or who were absent during various testing times.  This information includes previous 
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standardized test scores, local pretest scores, and other localized data that would vary by 

school or district.  For this study three additional data items were available for some of 

the students:  the Iowa Test of Basic Skills scores, scores from a pretest given in spring 

the year before testing, and scores from a pretest in fall the testing year.  This information 

was not available for all students in the population of interest because students were 

either absent on the test day or not enrolled in the school at the time that test was 

administered.  Students for whom this information was not available were eliminated.  

The Iowa Test of Basic Skills (ITBS) is a norm-referenced test covering several 

content areas, one of which is language.  Students’ results were reported as a scaled 

score.  “The Scale Score describes achievement on a continuum that in most cases spans 

the complete range of Kindergarten through Grade 12” (CTB McGraw-Hill, n.d.)  ITBS 

language scores were available on 383 students out of the population of 447.  The 

minimum scale score was 177, and the maximum was 343.  Scale Scores range in value 

from approximately 100 to 400.  The mean score of the 383 students was 260.50, with a 

standard deviation of 36.44.  The ITBS had a correlation coefficient squared of 0.45, with 

the raw writing TAAS percentage scores. 

Both pretests for which scores were available were released versions of the actual 

TAAS test from the previous year.  One would then expect the scores on the pretest to be 

highly predictive of scores on the TAAS Exit Level Exam, and both pretests did have the 

highest linear correlation of the writing interval data previously examined in this study.  

The correlation coefficient squared for the pretest taken in spring the year before testing 

was 0.61.  Data were available for 442 students, and scores ranged from a minimum score 
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of 15% to a maximum score of 100%.  The mean was 79.71, with a standard deviation of 

18.78.  The fall pretest taken the year of testing had a correlation coefficient squared of 

0.62.  These data were available for 428 students, and scores ranged from a minimum of 

15% to a maximum of 100%.  The mean was 78.21, with a standard deviation of 17.66. 

Summary 

 Each variable showed a relationship with the dependent writing variable.  

However, no single variable had a strong enough relationship to be a good predictor for 

an individual.  In addition, the variables used in this manner identified only the group 

needing possible intervention.  Like reading, a fourth to over a half of the individuals in 

the various groupings of gender/ethnicity showed the need for intervention, as shown in 

Table 26.  The data presented this way do not indicate who was in that fourth to a half.  

The data in Table 29 show a need in the below-grade-level course for all groupings.  

Above-grade-level course show the opposite in almost all groupings; no intervention was 

needed.  These results were not surprising.  This would help narrow the field of who 

might need extra intervention.  Using grades and averages from first and second semester 

in the three course level strata would help narrow more.  But even if all the groupings 

were combined, they would still be oriented by group and not by individual student.  

Thus, a model with multiple variables for individual students was needed. 
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Developing the Writing Model 

Writing Model Using All Variables Available on All Students 

 Student data were placed in an Excel spreadsheet, and the file was entered into 

SPSS® statistical package version 12.0.  Under the regression menu, binary logistic 

regression was selected.  Variables were then selected and defined.  The first step was to 

model using variables available on all students.  Table 34 lists the variables in the model 

when all variables were used.  This model resulted in an overall correct prediction rate of 

81.1%.  

 Sensitivity and specificity of the model were examined.  This model had a 

sensitivity of 91.2%.  Of the group observed meeting the writing standard, 91.2% were 

predicted correctly.  The model had a specificity of 60.5%.  This means that, of those not 

meeting the writing standard, 60.5% were predicted correctly.  The false positive rate, 1 

minus the specificity rate, was 39.5%.  This means that, of those not meeting the writing 

standard, 39.5% were predicted incorrectly.  The false negative rate, 1 minus the 

sensitivity rate, was 8.8%, meaning that, of the group meeting the writing standard, 8.8% 

were predicted incorrectly.  Of those the model predicted to meet the writing standard, 

82.4% did.  The model or logistic regression algorithm generates a probability value 

between 0 and 1 for each student in the population.  The values between 0 and less than 

0.50 are considered to be 0 or not meeting the standard.  Conversely, any probability half 

or greater is considered to be 1, or meeting the standard.  Recall that in logistic 

regression, the probability of an event occurring =  1 / ( 1 + e -Z  ), where Z is the linear 

combination Z = B0 + B1X1 + B2X2 + … + BpXp.  The “B” column in Table 34 are the B 
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coefficients in the regression equation.  For this particular run the linear combination is Z 

= -6.750 + 0.032 (number of credits) + 0.074 (0 for female or 1 for male) + 0.632 (1 if 

Asian, 0 if not) + 0.028 (1 if African American, 0 if not) + 0.888(1 if Hispanic, 0 if not) – 

0.287 (1 if economically disadvantaged, 0 if not) – 0.125 (1 if limited English proficient, 

0 if not) – 6.058 (1 if previous course below-grade-level, 0 if not) – 1.967 (1 if previous 

course on-grade-level, 0 if not) + 0.018 (previous year first-semester exam) + 0.000 

(previous year first-semester average) + 0.060 (previous year second-semester exam) – 

0.040 (previous year second-semester average) + 0.048 (1 if current year course below 

grade level, 0 if not) – 0.188 (1 if current year course on grade level, 0 if not).  Native 

American cases were eliminated from the modeling because there were only 3 cases.  

This category of students would have to be reviewed independently because they did not 

represent enough data to be included in the modeling. 

 From Table 34 it can be seen that all variables, although included in this model, 

are not significant (Sig column).  Only those variables with a significance of .05 or less 

are considered significant.  Significant variables were below-grade-level and on-grade-

level course for the year before testing (course 00-01) and second-semester exam.  The 

others are not, and their inclusion is suspect.  Even so, this model yielded an 82.4% 

accurate prediction of meeting the standard and a 77.4% accurate prediction of those not 

meeting the standard. 

Writing Model Using Selected Variables Available on All Students 

Table 35 shows the results when “Forward Selection with the Likelihood-Ratio 

Criterion” was selected in SPSS®.  This method is described as a “stepwise selection 
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method with entry testing based on the significance of the score statistic, and removal 

testing based on the probability of a likelihood-ratio statistic based on the maximum 

partial likelihood estimates” (SPSS®, 2003, p. 6).  Table 35 shows the variables that 

remained in the equation after this process was done.  This model had an overall correct 

predicted percentage of 80.2%, which is almost the same as the previous model.  Because 

there are fewer variables this model should be more stable.  The variables not in this 

model were credits, gender, ethnicity, socioeconomic status, LEP, first-semester exam 

and average, and course 01-02.  The variables not included in the model were eliminated 

because they failed to have a significant impact on the predicted variable, meeting 

expectation on the TAAS writing test.   This model had a sensitivity of 90.9% and a 

specificity of 58.5%.  The false positive rate was 41.5%, and the false negative rate was 

9.1%.  Of those the model predicted to pass, 81.6% did. 

Writing Model Using All Possible Variables Available on Some Students 

 Another model was developed adding the data described earlier that was available 

for only some students in this study and that might not be available in all districts.  The 

same forward selection process was used, but this time all possible variables were 

included for possible selection to the model.  Because all cases did not have all of the 

new variables, 93 cases were dropped, leaving 354 cases for modeling.  This model, 

shown in Table 36, had an overall predicted correct percentage of 83.9%.  This model 

had a sensitivity of 93.1% and a specificity of 58.1%.  The false positive rate was 41.9%, 

and the false negative rate was 6.9%.  Of those the model predicted to pass, 86.2% did.   
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Table 34 

Variables in the Writing Equation Using All Basic Variables 

       95% CI  Exp(B)
 B S. E. Wald df Sig Exp(B) lower upper 
Credits .032 .133 .058 1 .810 1.032 .795 1.340 
gender 
male=1 

.074 .280 .070 1 .791 1.077 .622 1.866 

ethn   6.586 3 .086    
Asian .632 .638 .980 1 .322 1.880 .539 6.566 
Af Am .028 .362 .006 1 .938 1.029 .506 2.093 
Hisp .888 .394 5.080 1 .024 2.429 1.123 5.256 
SES -.287 .312 .850 1 .356 .750 .407 1.382 
LEP -.125 .754 .028 1 .868 .882 .201 3.864 
Eng crs 
00-01 

  24.468 2 .000    

below -6.058 1.231 24.228 1 .000 .002 .000 .026 
on -1.967 .703 7.834 1 .005 .140 .035 .555 
1st sem 
Eng ex 

.018 .019 .984 1 .321 1.019 .982 1.056 

1st sem 
Eng av 

.000 .029 .000 1 .998 1.000 .945 1.058 

2nd sem 
Eng ex 

.060 .015 15.110 1 .000 1.061 1.030 1.094 

2nd sem 
Eng av 

.040 .024 2.796 1 .094 1.041 .993 1.090 

Eng crs 
01-02 

  .238 2 .888    

below .048 .920 .003 1 .958 1.049 .173 6.371 
on -.188 .673 .078 1 .780 .829 .221 3.101 
constant -6.750 1.997 11.424 1 .001 .001   
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Table 35   
 
Variables in the Writing Equation Using Basic Variables From Forward Selection Model 
 
       95% CI  Exp(B)
 B S. E. Wald df Sig Exp(B) lower upper 
Eng crs 
00-01 

  78.953 2 .000    

below -5.644 .638 78.370 1 .000 .004 .001 .012 
on -1.993 .425 21.952 1 .000 .136 .059 .314 
2nd sem 
Eng ex 

.063 .014 20.226 1 .000 1.065 1.036 1.094 

2nd sem 
Eng av 

.040 .018 4.754 1 .029 1.041 1.004 1.079 

constant -5.239 1.350 15.048 1 .000 .005   
 

Table 36   
 
Variables in the Writing Equation Using All Variables From Forward Selection Model 
 
       95% CI  Exp(B)
 B S. E. Wald df Sig Exp(B) lower upper 
Eng crs 
00-01 

  12.056 2 .002    

below -3.620 1.026 12.448 1 .000 .027 .004 .200 
on -1.385 .662 4.380 1 .036 .250 .068 .916 
2nd sem 
Eng ex 

.050 .015 11.184 1 .001 1.052 1.021 1.083 

itbs .031 .006 22.981 1 .000 1.031 1.019 1.045 
1st sem 
Eng ex 

.036 .014 6.757 1 .009 1.037 1.009 1.065 

constant -12.082 2.219 29.650 1 .000 .000   
 

Writing Modeling Summary 

 Can an accurate predictive algorithm for a high-stakes writing test be generated?  

This study shows that a fairly accurate predictive algorithm can be developed for writing.  

Each of the three models had better than 80% predictive rates.  Three significant 
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variables occurred in all three models:  below- and on-grade-level of the course taken the 

previous year and the score on the semester exam from the second semester of the course 

taken the previous year.  For each point increase on the exam, the probability was 

increased, as shown in Tables 33, 34, and 35, column B.  Due to the nature of the tests, it 

was surprising that the two pretests were not selected as predictor variables for the last 

model.  

Summary 

 In this chapter, descriptive statistics were presented for each subject area, and 

logistic regression probability algorithms were generated.  Because data for the same 

student were used in the three subject areas, similarities between the data presentations 

exist.  Student characteristics were the same for each subject area.  Student study habits, 

retention ability, overall attitude toward school were present and the same for each area 

for each student.  Because the group of students studied for each test was the same except 

for a few students who were absent on one of the test administration days, the similar 

predictability for the algorithms was not surprising.  This relationship can be seen in 

Table 37.  Almost all the algorithms correctly predicted 80% of the student population. 

 The percentage of students who were predicted correctly to meet or not meet the 

standard was consistent across models and subject areas.  Almost no difference existed 

between using all the variables or just the ones found to be significant.  The addition of 

significant variables that all students did not have increased the percentage, but not by a 

great deal. 
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 Variables directly related to the subject material of the test were found to be the 

most significant in models for the three subject areas.  The course level, semester exam 

grade, and semester average were common threads among the models.   The variables for 

the each subject area prediction algorithm are displayed side-by-side in Table 38.  Only 

the math algorithm used ethnicity and socioeconomic status as predictor variables.  All 

variables in Table 38 were found to be significant by the SPSS® program, thus keeping 

them in the model.  All other possible variables were rejected as being nonsignificant. 

 

Table 37    

Comparison of Algorithm Models 

 
Math 

 
Reading 

 
Writing 

 

 
Models 

 
 
n 

 
% 

Correctly 
predicted 

 
n 

 
% 

Correctly 
predicted 

 
n 

 
% 

Correctly 
predicted 

 
Model 1:  Add variables 
available on all students 

 
443 

 
81.9% 

 
441 

 
78.2% 

 
   447 

 
81.1% 

Model 2:  Selected 
variables on all students 

 
443 

 
81.5% 

 
441 

 
77.6% 

 
447 

 
80.2% 

Model 3:  All possible 
selected variables 
available on some 
students 

 
319 

 
89.3% 

 
355 

 
82.3% 

 
354 

 
83.9% 
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Table 38 

Comparison of Variables in Each Subject Model 

 Mathematics model Reading model Writing model 

Variable B Sig B Sig B Sig 

Asian .777 .223     

African 
American 

-.710 .045     

Hispanic .324 .380     

SES -5.701 .017     

Course 
Below 
Math, Eng 

-3.764 .000 -2.901 .000 -5.644 .000 

Course On 
Math, Eng 

-2.200 .000 -2.339 .000 -1.993 .000 

Course 
Below- SS 

  -1.829 .027   

1st sem ex 
Math, Eng 

.046 .004 .022 .044   

1st sem av 
Math, SS 

.048 .031 .049 .003   

2nd sem ex 
Eng 

  .029 .011 .063 .000 

2nd sem av 
Eng 

    .040 .029 

Constant -4.216 .000 -5.423 .000 -5.239 .000 
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CHAPTER 5 

SUMMARY 

 The purpose of this study was to investigate the possibility of predicting student 

success on one example of a “high-stakes” test, the Texas Assessment of Academic Skills 

(TAAS).  The research developed models that predict student performance on the Texas 

Assessment of Academic Skills (TAAS) Exit Level Examinations in Mathematics, 

Writing, and Reading using basic data available for all students, then determined whether 

additional data, available only for some students, improves the model.  The research 

questions were the following: 

1.  Can an accurate predictive algorithm for a high stakes test (Texas Assessment 

of Academic Skills Exit Level for Math, Writing, and Reading) be generated? 

2.  Which predictor variables are the strongest for performance on the 

mathematics, writing, and reading sections of the 10th grade TAAS Exit Level Exam? 

3.  Are the strongest predictor variables for the mathematics algorithm, the writing 

algorithm, and the reading algorithm the same? 

In this chapter, findings are summarized, conclusions drawn, and recommendations 

made. 

 The research found that reasonably accurate models for all three tests can be 

generated using data available in all schools for all students.  Models that predicted 

whether students met a standard performance level approximately 80% of the time were 

built for all three subject-area tests.  Special tests need not be administered to identify 
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students in need.  Individual correlation between background variables and student 

performance provides some predictive information, but no one variable is as strong a 

predictor as a model with several variables.  For example, a student who takes an exam-

related course with a more intense curriculum is almost certain, but not guaranteed, to 

meet the performance standard.  A student in an on- or below-grade-level course is as 

likely not to meet the standard as to meet it.  But as more variables are considered 

predictability increases.  

Findings 

 The summary of findings is organized to answer each research question.  The first 

research question asked whether an accurate predictive algorithm for TAAS Exit level 

examinations could be developed.  Three models were developed for each test, and all 

models accurately predicted student performance at least 77.6% of the time.   

All schools in Texas have data available for all students: gender, ethnicity, limited 

English proficiency status, economically disadvantaged status, number of graduation 

credits earned, subject course taken the previous year, first- and second-semester 

averages for the previous year’s course in the subject, and the current year course in the 

subject.  Additional data are available for some students, but not always for students who 

were not in the district the year before testing or who were absent for various tests.  This 

information includes previous standardized test scores such as the Iowa Test of Basic 

Skills (ITBS), scores from a pretest given the year before testing, and scores from a 

pretest given in fall the testing year.   
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The first predictor model for each test used all nine variables in which data were 

available for all students.  Predictive accuracy ranged from 78.2% for Reading to 81.9% 

in mathematics.  The second model eliminated those variables that did not have a 

significant impact on student performance.  The second model had a similar level of 

accuracy, predicting achievement of the standard for 77.6% to 81.5% of students.  The 

third model used only those students for whom data on the additional variables were 

available. Addition of the ITBS scores and pretest scores increased the accuracy of 

prediction for all three tests. 

 The second research question asked for comparison of the best predictor variables 

for the models.  For the math model, the strongest predictors were performance in the 

course the previous semester, ethnicity, socioeconomic status, and level of the course 

taken the previous year.  Probability of an accurate prediction was increased as the 

students’ first-semester exam score and average grade increased.  Probability decreased if 

the student was African American, was classified as economically disadvantaged, or was 

in a below- or on-grade-level course the year before the test.  For the reading model the 

strongest predictors were performance in both English and social studies courses the 

previous year and the level of the course taken the previous year for both subjects.  

Probability of an accurate prediction increased as the students’ first-semester social 

studies average grade increased and as the first- and second-semester English exam 

scores increased.  Probability decreased if the student was in a below-grade-level social 

studies course or a below- or on-grade-level English course the year before the test.  For 

writing, the strongest predictors were performance in the course the previous year and the 
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level of the course taken the previous year.  Probability of an accurate prediction 

increased as the second-semester English exam and average increased.  Probability 

decreased if the student was in a below- or on-grade level English course the year before 

the test.  Table 38 in chapter 4 presents the model for each subject in a side-by-side 

comparison.  Although the subjects were different, given the same types of variables, 

similar predictors emerged. 

 Although similar variables emerged in each of the three algorithms, there were 

differences.  Only in the math algorithm did ethnicity and socioeconomic status emerge 

as predictor variables.  Specifically in the ethnicity category, only the African American 

classification was significant.  Unique to the writing algorithm was the second-semester 

average.  The other predictor variables were shared by at least two of the algorithms.  

 The third research question asked if the predictor variables were consistent across 

subject-area models.  Generically, the response would be “yes” to the question.  Semester 

exams and averages had positive affects on the probabilities in all three areas.  Negative 

impact on probabilities came from students who were in below- and on-grade-level 

courses the year before the test.  The modeling exercise in each of the three subject areas 

used similar variables in the final model for each. 

Discussion 

 The results from the modeling gave similar results for all three subject area tests.  

These results can be used to help teachers and administrators identify students who would 

benefit from interventions.  For example, the findings suggest that a student who does 

well in class will do well on the “high-stakes” test.  This is a common sense conclusion, 
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but it may be wrong for students in a below-grade-level or an on-grade-level course, 

because their likelihood of meeting the standard is diminished.  How does the teacher or 

administrator know whether a student in a below-grade-level course who is doing 

extremely well in the class will meet the standard or not?  At this point, the interplay of 

the variables becomes important.  Going on the assumption that all students in a below-

grade-level course will need extra assistance to be successful on a high-stakes test could 

be a successful strategy.  But resources are limited, and not all students receive one-on-

one tutoring.  It is impractical in the typical school.  The predictive model can be used to 

select those students who would benefit from such intensive special assistance. 

 The modeling pulled all possible variables available to any school together to 

produce an algorithm that would predict individual student success.  For this particular 

school, represented by the 10th grade class of 2002, additional generalized discrepancies 

are indicated by the data.  When data are reported as the percentage of a group meeting 

the standard, it has been smoothed or averaged across smaller subgroups.  Table 2 in 

chapter 4 shows the percentage of the African American group meeting the standard at 

54.4%, with the male subgroup at 55.0% and the female subgroup at 54.0%.  (See the 

same group on Table 26, for comparison.)  The African American group had a 60.4% 

meeting the standard, with 48.8% of the males and 70.0% of the females meeting the 

standard.  From Table 2 the group as a whole is low for both male and female, so the 

entire group would benefit from intervention.  The same conclusion applied to the 

information from Table 26 would probably not yield the desired results.  The data on 

Table 26 suggest that designing intervention customized for the male African American 
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group would produce better results.  Similar conclusions can be drawn using those tables 

for any of the ethnic/gender combinations.  But it must be remembered that over half of 

the group showed no need for any intervention. 

 The study indirectly produced an answer to an unasked research question:  How 

can data direct a school to improve the tests results for the school?  Two different paths 

emerged from this particular study:  predicting individual student success, the goal of the 

study, and identifying group weaknesses.  True group information comes after the actual 

test results have been realized.  This is probably the point that is discussed but rarely 

acted on effectively.  Thus reforms come and go.  The process is like any other cyclic 

system, with weaknesses identified and addressed, action plans implemented and then 

reviewed after the next set of results.  Then the process is repeated.  This is the only sure 

way to success.  As the group in need is strengthened, the individual, by virtue of 

belonging to the group, will also strengthen.   

 Group data can be used to change the system.  “Assessment provide information 

on where students and schools need to improve” (Gandal & McGiffert, 2003, p. 40).  

Inservice programs can be provided to show techniques to reduce the gaps between 

ethnic groups and gender.  Curricula can be altered to be better aligned or to better meet 

the needs of the students.  When group data show disparities, such as the performance of 

African American males as shown in Table 26, administrators and teachers can look for 

and implement solutions.  Too often, especially at the secondary level, the full 

responsibility for success or failure is placed on the student.  The teachers claim: “I 
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presented the lesson and assigned homework, but my students will just not do the work.”  

Something is missing, and group data can assist in finding that missing component. 

 In addition, the algorithms built in this study allow teachers and administrators to 

focus on individual student needs.  In the school where this research was conducted most 

of the criteria used in the study has been used to identify students who could benefit from 

some type of intervention beyond what they received in the classroom.  Some students 

were assigned mentors who met with them several times before the test.  A “test camp” 

was held that presented material to the identified students in various formats.  The camp 

provided a non-threatening environment for the student to receive some instruction prior 

to the test.  The goal of the camp was for all students to reach the minimum expectation 

of the test.  Obviously, not all students identified could come to camp.  Students, whether 

identified or not, pleaded to be allowed to come to camp.  It was a positive, although 

tiring, experience. 

 Individualized data from the previous year also have been used to place students 

in particular sections for assistance, and teachers have been provided with the detailed 

weaknesses for each of their students.  As recounted in chapter 1, this research began 

with a class of students who had not met the standard of the test.  No information on the 

students was provided other than that they had not met the standard.  It quickly became 

clear that it was crucial to have individualized instruction where it is absolutely needed.  

If the school is serious about having a minimum of 90% meeting the standard of the test, 

then individualized data must be used.  The algorithm method is the best way to 

accomplish this. 
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 If accountability of students, schools, and districts is going to continue, then 

school districts must use the data they have on hand as a resource.  In Texas, as the 

accountability system continues to evolve, the responsibility of districts to their students 

is growing.  High school students whose scores were used in this study had to meet state 

expectations that were lower than the standard set in this study to meet their graduation 

requirement.  The state standard for the TAAS exams taken by the students in this study 

was set to be equal to the standard on the 1990 TAAS exams.  The standard used in this 

study was raised from the state standard in 2002 to reflect the higher standard required on 

the TAKS test that begins counting as the exit-level exam for the class of 2005.  Had the 

expectation been that of the study, initially many would not have met the graduation 

requirement.  The bar is continually being raised for students, schools, and districts in 

Texas.  Much time and energy and many resources are expended just trying to get all 

students to the minimum level.  Time, energy, and resources need to be allocated to the 

exact points of need.  The predictor models developed in this study could be a viable tool 

for use by administrators at any level.    

Recommendations 

 Texas Assessment of Knowledge and Skills (TAKS) has replaced TAAS.  TAKS 

is a criterion-reference test like TAAS.  The class of 2005 will be the first class of 11th 

graders to have TAKS as a graduation requirement. This transition involves many 

specific changes.  There will be four subject-area tests instead of three, with the addition 

of the Social Studies Test, the Science test, and the English Language Arts Test.  The 

English Language Arts Test combines the previous TAAS Reading and Writing Tests 
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into a single test.  Only the Mathematics Test is found on both TAKS and TAAS.  All of 

the tests are closer to being on-grade-level than was TAAS.  The curriculum that is taught 

in high school is tested on the test.  The math portion of the TAKS test is 42% algebra 

and 35% geometry, and the English portion is at the 11th grade level (TEA, 2002b).  The 

material tested is at a higher level, the standard score is higher, and the standard is not 

equated to any other administration of the test. 

 A similar study needs to be done on the data from the TAKS spring 2004 or later 

administration to determine whether the new test changes the predictor models.  For 

Texas high schools with Grades 9, 10, 11, and 12 the new assessment (TAKS) will 

include 10 tests instead of the 3 that were on TAAS for school accountability.  The exit-

level examination will be moved from the 10th grade to 11th grade.  The math algorithm 

from this study should be as accurate for the new math tests at the 9th, 10th, and 11th 

grades as it was for this study.  Ninth grade reading on TAKS is comparable to the TAAS 

exit reading, so the reading algorithm would be accurate.  Similarly, the writing algorithm 

should be accurate for the 10th and 11th grade English Language Arts test.  The other 4 

tests were not part of the TAAS assessment, so new models must be developed for social 

studies and science.  However, it is most likely that the algorithm for these tests would be 

similar to the other algorithms since the algorithms in this study were similar, as shown in 

Table 38. 

 All districts in Texas need to generate more detailed reports for themselves and 

develop reports in a format that teachers and administrators can use.  These reports 

should not be used only for accountability but also for improvement of instruction and 
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helping individual students.  The data that went into this study typically are not 

disaggregated in a usable form to teachers or building-level administrators.  Because of 

this, time, energy, and money are wasted at all district levels.  Populations needing 

special assistance are not identified with any certainty on a regular basis.  Although the 

aim of this study was simply to predict meeting a standard, the identification power of the 

cumulative data is strong.  With present computing capabilities, even the smallest 

districts can utilize the data at their disposal.   

 All three tests had a high percentage of false positives of students predicted to 

pass who failed.  Further study could identify other or additional variables to lower this 

percentage.  The models did a good job of predicting those who did pass, but not on those 

who did not pass.  Overall, 80% of the students were correctly predicted to pass or fail by 

each model, which leaves 20% predicted incorrectly.  Additional study with a larger 

sample is needed to refine the models.  In so doing, the false positives’ percentage should 

be reduced. 

 Teachers and administrators need the data in a more accessible format for reasons 

of perspective.  Administrators can administer only what they know about.  Unless they 

are gathering and analyzing their own information, their knowledge is limited to the data 

brought to them.  For example, a common concern is complaints about teachers and their 

classes from students and parents.  Other data provided to administrators include the 

failure rates for particular classes.  Unless the administrator is in classes regularly, he or 

she may have a distorted perspective about classroom activity.  Teachers who are 

homogeneous in the subjects they teach, for example, all accelerated courses or all 
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courses with a majority of repeating students, also may have a distorted perspective.  One 

example is that of a teacher of an accelerated course who has a student whom she refers 

for special tutoring.  The teacher’s indications are only what the student has done in the 

class.  The student has 70s for averages but does poorly on the test practices.  The teacher 

is unaware that the student passed the test last year, an indicator for this year’s test.  The 

teacher has mixed grade levels and may or may not realize that the student is in an above-

grade-level course for him or her.  Conversely, a student has high 80 averages in a below-

grade-level course.  The teacher does not see the student needing assistance, because the 

teacher is unaware that the student did not pass the test last year.  Without a summary of 

what is in the permanent folder, both administrators and teachers can have a distorted 

perspective of what is actually needed and where it needs to be applied. 

 If all parties have access to a simple data base or spreadsheet with all available 

data, what needs doing can be brought into perspective.  Teachers’ expectations for 

students could change radically in some instances.  Teachers have access to student 

folders, but when they have 100 to 150 students, they have little time to digest that 

unorganized collection of data.  Administrators suffer from the same problem, except, for 

them it is magnified.  A principal examining the three TAAS exam results of the 400 

students in this study has 1,200 individual cases.  To manage this amount of information 

effectively, data must be put into accessible formats.   

 A simple spreadsheet is all that is needed to help teachers and administrators.  

Each row is a student, with the relevant data in their own cell.  For this study, data were 

arranged in this manner for input into SPSS®, as described in chapter 4.  In addition to the 
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data available in the cells, one cell for each test area is dedicated to the prediction 

algorithm. Administrators and teachers can quickly see the probability of success for each 

student.  Individual data can be seen, but the algorithm provides some synthesis of the 

significant data.  Having all the data with the predicted probability for the student allows 

the user, teacher or administrator, some control of the 20% not predicted correctly by the 

algorithm.  Once the algorithm is coded into the cell, the probability is known.  With a 

spreadsheet, one is free to generate any order of data desired quickly.  An administrator 

can easily tell whether or not a problem exits and where it is.  With this knowledge comes 

control of test results. 

 Using data can prevent disasters.  Disasters to students that affect them 

academically as well as psychologically can be avoided.  Disasters to schools, teachers, 

and administrators that affect them economically as well as professional and scholastic 

reputations can be avoided.  The data must be used.  Holcomb (1999), at the end of 

Getting Excited About Data, urged educators to “use data as tools to focus our efforts on 

the real goal: maximizing the success of our students” (p. 122). 
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