
 
 
 

 

 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

APPROVED: 
 
Robin K. Henson, Co-Chair Major Professor 
Jimmy Byrd, Co-Chair Professor 
Rebecca J. Glover, Minor Professor 
Jon Young, Program Coordinator 
Mary Estes, Chair of the Department of 

Educational Psychology 
M. Jean Keller, Dean of College of Education 
Sandra L. Terrell, Dean of the Robert B. Toulouse 

School of Graduate Studies 

A QUANTITATIVE MODELING APPROACH TO EXAMINING HIGH SCHOOL, PRE-

ADMISSION, PROGRAM, CERTIFICATION AND CAREER CHOICE VARIABLES 

 IN UNDERGRADUATE TEACHER PREPARATION PROGRAMS 

Cynthia Savage Williams, B.S., M.Ed. 

Dissertation Prepared for the Degree of  

DOCTOR OF PHILOSOPHY 

UNIVERSITY OF NORTH TEXAS 
 

December 2007 



Williams, Cynthia Savage. A Quantitative Modeling Approach to Examining High 

School, Pre-Admission, Program, Certification and Career Choice Variables in Undergraduate 

Teacher Preparation Programs. Doctor of Philosophy (Educational Research), December 2007, 

133 pp., 57 tables, 2 illustrations, references, 82 titles. 

            The mandate No Child Left Behind (NCLB), national population growth, competition 

with alternative teacher preparation programs and university pressures in the form of budget and 

administrative cuts have all contributed to the increasing need for colleges of education to 

examine the effectiveness of their teacher preparation programs.  A three stage quantitative 

model was developed and proposed to examine the following: the relationship of high school and 

pre-admission variables on undergraduate grade point average, the relationship between grades 

earned in teacher preparation courses and state certification exams, and the relationship between 

grades earned in teacher preparation courses and career choice beyond graduation were 

examined.  Previous to this study no such model appeared in the literature.  The model was 

implemented at one private university (total enrollment = 8,500) and one public university (total 

enrollment = 26,000).  Analyses included principal components analysis, ability estimates 

generation as well as a series of logistic and multiple regression analyses. Grade inflation, 

missing or confounding variables, bivariate correlations, beta weights associated with 

sample/population size, relevant statistical assumptions, and power were statistical 

considerations.  Findings for both universities were compared.  Results indicated the model may 

be more useful when examining teacher preparation programs where fewer sections of courses 

offered, such as at the private university level.  Variance associated with the section level was 

hypothesized to interfere with results where multiple sections were offered of each course, such 

as at the public university level.  This development of this model was believed to be a needed 



first step toward quantitatively measuring the impact an individual teacher preparation program 

has on a program completer. 
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CHAPTER I 

INTRODUCTION 

Need for the Study 

In response to No Child Left Behind (NCLB) mandates regarding highly qualified 

teachers (Paige, 2002; Paige, 2004; Spellings, 2006) and increased scrutiny from higher 

education administrators, the United States is currently witnessing one of its longest periods of 

educational reform (Donaldson, 2006; Levine, 2006).  Currently, there is even discussion 

questioning whether or not traditional, university degree-based routes emphasizing both content 

and pedagogy are any more effective than alternative, non-university degree-based routes which 

generally emphasize content as the primary avenue toward teacher certification (Berry, 2006; 

Garland, 2006; Levine, 2006; Paige, 2002; Walsh, 2001;).  Levine describes this debate as being 

fundamentally between those who believe teaching is a craft as opposed to those who believe 

teaching is a profession.  

In response, many colleges and schools of education generally feel their professional 

teacher preparation programs and the teaching profession are under attack (Berry, 2006; Weaver, 

2004).  However, in addition to these increased pressures from outside forces, many colleges and 

schools of education are also under internal pressure to enlarge program enrollments in light of 

budget cuts (Trombley, 2003), while simultaneously being charged with improving curriculum in 

order to meet accountability demands placed on them by their universities and university 

systems, as well as professional teacher accreditation bodies such as the National Council for the 

Accreditation of Teacher Education (NCATE).  Pressures have been amplified by the fact that as 

the population continues to grow in the U.S., the need for highly qualified teachers consistently 

increases (Bernstein, 2005; Hussar & Bailey, 2006; Spellings, 2006).   
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Four major factors currently at play are: (a) national population growth impacting student 

enrollment in K-12 settings; (b) NCLB mandates requiring highly qualified teachers in all public 

K-12 classrooms; (c) the political debate between traditional and alternative routes toward 

teacher certification; and (d) university and university system pressures.  Thus, the need for 

colleges and schools of education to evaluate their teacher educational programs is coming 

directly to the forefront (Donaldson, 2006; Spellings, 2006).   

The development of a quantitative model that can link pre-admission college 

characteristics to grades earned in undergraduate educational coursework, outcomes on teacher 

certification assessments, and career choice beyond program completion may be useful to 

traditional teacher preparation programs and the school districts with which they partner.  

Subsequently, this information could then be tied to the standardized achievement outcomes of 

K-12 students who are taught by these program completers.  This study is the first of its kind in 

the literature to quantitatively model a teacher preparation program’s impact on a program 

completer.  This study examines the utility and generalizability of a quantitative model in 

evaluating university teacher preparation programs at the program, course, and student level in a 

large public and a small private university in north-central Texas.  This model also includes 

career choice following the first two years beyond graduation.  Further, this study examines the 

utility of the model in answering additional program-specific questions that may arise by 

participating institutions throughout the course of the study.  Dialogue of aforementioned 

influencing current higher education program evaluation includes: 

 

Population Growth and Teacher Preparation Programs 

Population growth is related to the need for this study in the following manner:  as 
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national population growth increases, the number of students in K-12 settings increases, and the 

need for teachers in those K-12 settings increases in response.  Further, the need to follow and 

evaluate those teachers becomes increasingly complex as enrollment numbers rise.  The model 

may potentially be used to analyze larger numbers and provide reliable, data-driven conclusions. 

According to U.S. census data, it is estimated there an overall increase of 29.2% in the 

U.S. population between 2000 and 2030 (Bernstein, 2005).  More specifically, U.S. census data 

predicts Florida, California, and Texas will experience the majority of this growth.  Further, with 

regard to K-12 settings, it is estimated that between 2003 and 2015, 32 states will see an increase 

in enrollment at public and secondary schools, while only 18 states will see a decrease in 

numbers.  Nevada, Arizona, Texas and Georgia are predicted to experience the greatest K-12 

enrollment gains, with respective increases of 35.7%, 31.8%, 22.6%, and 19% (Hussar & Bailey, 

2006).   

Spellings (2006), Secretary, U. S. Department of Education, reported 110,456 teachers 

were certified through traditional or alternative means during the 2003-2004 academic year.  In 

her annual report, Spellings indicated New York and California trained more educators than any 

other state during that review period, certifying an astounding 31.1% of all new teachers, or 19% 

and 12.1%, respectively.  Texas was the third largest producer of certified teachers during the 

2003-2004 academic year, generating 8.9% of the nation’s teachers.  Further, 81% of these new 

teachers were certified via traditional means by earning a bachelor or graduate degree in an 

educational field (Spellings, 2006). 

In terms of how many universities are currently offering degrees that lead to teacher 

certification, the Council for Higher Education Accreditation (CHEA) indicated there are about 

7,000 higher education institutions in the United States offering over 17,000 associate, bachelors, 
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and graduate degrees accredited by professional organizations, CHEA and/or the United States 

Department of Education (USDE) (CHEA, 2005).  Subsequently, the Carnegie Foundation for 

the Advancement of Teaching examined the Interdisciplinary Postsecondary Education Data 

System (IPEDS) Fall Enrollment survey of 2005 managed by the National Center for 

Educational Statistics (NCES) and revealed 17,570,060 students were enrolled in undergraduate 

programs at the 4,387 institutions specifically offering bachelors degrees in 2005 

(“Undergraduate Profile Tables,” 2006).  Of these institutions, U. S. News and World reported 

1158 universities offer bachelor degrees which specifically lead toward initial teacher 

certification (“America’s Best Colleges,” 2007). 

 

NCLB Mandates 

  NCLB mandates are directly related to the need for this study in the following manner:  

Legislation set forth by NCLB states public classrooms must be staffed by highly qualified 

teachers.  Currently the basic definition of a highly qualified teacher is one who possesses full 

teaching certification at the state level or one who has passed the state teacher licensing exam 

and holds a license to teach in that state (Paige, 2002; 2004; Spellings, 2006).  In addition, a 

highly qualified teacher holds the minimum of a bachelors degree and has demonstrated content 

knowledge in the subject area(s) relevant to the classroom in which he/she is assigned to teach 

(Paige, 2002; Paige, 2004; Spellings, 2006).  The proposed model may offer information about 

whether or not teacher preparation coursework, as well as which coursework, is predictive of 

teaching certification outcomes.  This information could be used to enhance the current NCLB’s 

current definition for highly qualified teachers. 
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Political Debate: Traditional vs. Alternative Routes 

The political debate between traditional and alternative routes toward certification is 

directly related to the need for this study in the following manner:  Universities now have 

competition with alternative, non-university teacher preparation programs.  As such, universities 

and university systems are interested in learning more about the strengths and weaknesses of 

their teacher preparation programs so they can better meet the challenges presented by 

competing with alternative, non-university based teacher preparation programs.  This model 

could provide universities with data-driven information from which to make program revisions. 

Although content knowledge is paramount to teaching, colleges and schools of education 

hold pedagogical knowledge in similar regard.  However, the current definition of a highly 

qualified teacher by NCLB standards does not mention pedagogy, and this omission has sparked 

discussions between educators and policy makers (Berry, 2006; Garland, 2006; Levine, 2006; 

Paige, 2002; Walsh, 2001).  Further, it is generally assumed traditional, or university-based, 

routes towards certification stress both content and pedagogy, while alternative certification 

programs are strongly criticized in the professional education arena to lack pedagogical focus. 

 However, alternative certification programs are reported to generally attract well-

educated, ethnically diverse, talented, enthusiastic, and life-experienced adults during a time 

when it has been reportedly difficult to attract academically able individuals into the educational 

field (Stoddart & Flodden, 1995).  Further, the rationale behind alternative certification programs 

makes them attractive because they purport on-the-job, easy to complete teacher preparation 

options for individuals already possessing a bachelors degree, which affords many the 

opportunity to earn certification while also receiving a paycheck.  However, the recruitment, 

preparation, and retention of alternatively certified teachers is proving to be more complex than 
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originally believed, with retention in the field being a number one concern (Zumwalt, 1996).  

Further, pedagogy training and classroom management strategies are often lacking in alternative 

certification programs and, thus, sometimes considered to blame for alternatively certified 

teacher attrition.  Regardless of optimism about the promise alternative certification offers in 

terms of quickly preparing highly qualified teachers, many policy makers believe holes exist in 

alternative certification programs and too many variations among alternative certification 

programs and traditional routes alike have developed. 

In contrast, a recent study of college graduates, surveyed through NCES’s Baccalaureate 

and Beyond 10 years after graduation, revealed 84% of education majors felt their undergraduate 

studies were very important in preparing them for a career in education (Bradburn, Nevill, 

Cataldi, & Perry, 2006).  In addition, 68% of these same educators reported their undergraduate 

studies had been very important to their lives in general, and 91% of educators reported their 

undergraduate degree was worth the time and effort their university studies required.  

Interestingly, 59% of survey respondents aged 30 years or more reported their undergraduate 

studies were very important to their lives in general ways, as compared to only 46% of survey 

respondents aged 22 or younger (Bradburn et al.).  Further, recent and ongoing research 

conducted by Noell (2006), discussed in Chapter 2, suggests teachers who have pursued 

certification through traditional routes outperform those who pursued certification through 

alternative routes. 

 

University and University System Pressures 

In order to increase the stature of educational programs, colleges and schools of 

education can voluntarily seek accreditation through professional bodies such as the National 
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Council for Accreditation of Teacher Education (NCATE, 2006).  In doing so, NCATE makes a 

series of campus visits to a university seeking accreditation and conducts evaluations of its 

teacher preparation programs.  Also, the Southern Association of Colleges and Schools (SACS) 

conducts regularly scheduled evaluations of all colleges and programs of study in the south as 

well, not just of teacher preparation programs.  However, in NCATE’s system, accreditation is 

based on a university’s ability to demonstrate teacher candidates and program completers know 

both the content, or the subject matter, and pedagogy, or the methods by which to teach content 

effectively (NCATE, 2006).   

Universities that pursue accreditation through SACS alone must adhere to the following, 

more generic guideline: “the institution must evaluate its success with respect to student 

achievement in relation to purpose, including, as appropriate, consideration of course 

completion, state licensing examinations, and job placements rates” (SACS, 2003, p. 16).  

Regardless of whether teacher preparation programs are dealing with NCATE or SACS 

accreditation processes, links between outcomes in individual courses or programs and standards 

maintained by these accrediting bodies is often weak.  Associated evaluations often do not 

provide enough adequate guidance to professors who serve on the delivery end of a program 

(Byrd & Williams, in press).  Thus, there are inconsistencies between what is actually evaluated, 

such as overall program goals, and what should be evaluated, such as how individual courses 

align with the state’s K-12 educational standards.  As such, colleges and schools of education 

may not see the utility of such evaluations and may be tempted to neglect or even ignore such 

results and recommendations. 

Budget cuts, coupled with aforementioned pressures for accountability, cause stress 

among both higher education institutions and the students they serve (Ovetz, 2003; Trombley, 
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2003).  Aside from students paying higher tuition rates and fees in order to sit in classes filled 

with larger numbers of students, colleges and schools of education are charged with tightening 

the reigns on the academic freedoms they have enjoyed for decades in order to deliver more 

streamlined curriculum to the masses (Trombley, 2003).  As budget cuts and hiring freezes are 

on the rise, the use of adjuncts, or part-time instructors who typically are unaware of teacher 

preparation program goals or the connection between courses, is becoming more the norm than 

the exception for delivering instruction (Byrd & Williams, in press).  

 

Theoretical Framework 

Historical Perspective of Program Evaluation 

The field of program evaluation is well developed and is used in many disciplines 

including education, social science, business, and science. (McCaffrey, Lockwood, Koretz, & 

Hamilton, 2004; Brinkerhoff, 2006).  In 1949 Ralph Tyler, a pioneer in program evaluation, 

formulated an objectives-based approach to teaching and evaluation (Gagnon & Calloy, 2006). 

His approach focused on: (a) defining appropriate learning objectives; (b) establishing and/or 

organizing useful learning experiences that lead to the best learning outcomes possible; and (c) 

evaluating curriculum to revise ineffective aspects associated with relevant content and/or 

teaching methods (Fitzpatrick et al., 2003). 

 Later, in the 1950s, Bloom, Englehart, Furst, Hill and Krathwohl (1956) published The 

Taxonomy of Educational Objectives, which served as a framework to classifying student 

learning outcomes.  Subsequently, in the 1960s as the federal government became more involved 

in public education, evaluators began to take a holistic view of teaching and learning as they 

collectively examined the interactive impact of student performance, overall goals, lesson 
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objectives, and the learning environment on learning outcomes (Fitzpatrick et al., 2003).  

 Cronbach (1963) and Scriven (1967) improved evaluation practices in the 1950s by 

conceptualizing a new type of program evaluation: formative evaluation.  Dick and Carey (1978) 

elaborated on this program evaluation model by describing feedback as an important element in 

the process.  They believed both information regarding student performance and student 

attitude(s), as well as information about classroom management, were essential.  Thus, the 

minimum competency movement of the 1970s, the standards movement of the 1980s, and the 

accountability movement that started in the 1990s and continues today have all combined with 

fundamentals of both instructional systems and formative evaluations to shape the current 

approach to program evaluation in the U.S., commonly referred to as outcomes assessments 

today (Carey & Gregory, 2003).   

 As an extension of earlier pioneering work in program evaluation, Owen and Rogers 

(1999) discussed a range of evaluations and defined them as proactive, clarificative, interactive, 

and monitoring and impact. Proactive evaluations occur apriori to program implementation; 

clarificative evaluations take place when there is confusion or misunderstanding and can occur at 

any time; interactive evaluations are undertaken for documentation and incremental 

improvement purposes along the way; while monitoring and impact evaluations occur most often 

as an end-point analysis.  This study focuses on the interactive and impact aspects regarding 

evaluation of a teacher preparation program. 

 

Program Evaluation Framework 

Studies in the literature reveal an increased preference to use a variety of approaches 

when evaluating data, using both qualitative and quantitative methods.  These approaches 
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address both formative and summative aspects of specific programs (Astin, 1993; Fitzpatrick et 

al., 2003; Lincoln & Guba, 1989; Lynch et al., 1996).  When specifically addressing teacher 

preparation programs, it is essential to understand the process, such as teaching, and the impact, 

such as an outcome on a standardized assessment.  However, even with all the attempts to 

standardize and test students at multiple time points, the “big picture” regarding a teacher’s 

impact on what a student actually learns is often blurred, at best.  Astin (1993) stated that in 

order to understand the relationships between processes and outcomes, researchers must also 

include input variables, which could be attributes pre-service teachers bring with them to a 

teacher preparation program, such as high school variables.  

 For this study, the theoretical framework stems from the input-environment-output theory 

regarding education (Astin, 1993).  Although there are a number of models that have been 

formulated and used in the field of education to this end, Figure 1 conceptualizes the model 

generated by Astin and is often called the input-environment-output (I-E-O) model (1993). 

 

 
 
Figure 1.  Astin’s input-environment-output (I-E-O) model (1993). 

 

The reason Astin’s (1993) I-E-O model is preferred is because it allows one to segregate, 
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or account for, differences among input variables in order to reveal a more objective estimate 

regarding environmental impacts on educational outcomes.  With this, more meaningful choices 

and decisions may be made regarding teacher preparation program implementation and 

evaluation.  Astin’s model is both practical as well as simplistic in the sense that all program 

evaluation choices require comparative judgments.  A decision to change something suggests a 

new element or environment will result in a better outcome.  A decision to do nothing implies the 

status quo is believed to be as good as, or better than, other available alternatives.  Either 

decision requires conceptualizing and comparing the alternatives.  Current issues surrounding 

educational debates described above and increased demands for accountability in the name of 

NCLB illustrate it is time for the current educational climate to change.   

 In the state of Texas, pre-service educators are required to take and pass a battery of two 

or more assessments known as the Texas Examination of Educator Standards (TExES) in order 

to become certified teachers. Further, in order for universities offering teacher preparation 

programs to remain in favorable standing with the state, at least 70% of their educational 

students as a whole as well as in subgroups (i.e., ethnic group), taking TExES exams required for 

initial certification must score a scaled score of 240 out of 300 possible points on each of their 

exams (Accountability System for Educator Preparation, 2005).  It is expected the percent of 

students required to pass these exams will rise in the coming years.  Universities that enroll 

highly diverse populations consciously place themselves “at risk.”  For example, assume a 

program enrolls 100 students, with 10 of those being international students, and assume 96 out of 

100, or 96% overall, pass their TExES exams, resulting in an overall 96% pass rate.  However, if 

the 4 who did not pass were all from the same subgroup of international students that would 

generate a 60% pass rate for that subgroup, and the school or college of education would be in 
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jeopardy of losing its ability to train pre-service teachers.  Thus, it is no mystery that universities 

are aware there is greater reward in admitting students who are most capable of passing teacher 

certification exams and denying those who are not.  This awareness, and even practice, is in 

direct contradiction to the ideals which fuel the current educational reform movements.  

According to NCLB, K-12 schools and districts are charged with believing all children can learn 

and teaching all children to learn. Thus, the question is: Should universities be charged to 

practice what they preach?  With this premise, can all pre-service teachers who meet admission 

requirements be successful, and it is the responsibility of the institution to provide evidence to 

this end?  Thus, the need for an enhanced method of evaluating teacher preparation programs is 

not only relevant within the context of current educational reform efforts, it is also a matter of 

national urgency. 

 

Purpose of the Study 

Because of shortcomings with many current evaluation processes, the purpose of this 

study is to develop a new model for connecting pre-service teacher characteristics to subsequent 

TExES outcomes and career choice beyond program completion.  This model may be capable of 

providing research-based, data-driven conclusions regarding the relationships between individual 

components of university teacher preparation programs and initial certification. 

There are several implications for such a model.  First, one may be able to predict an 

individual’s success in a teacher preparation program prior to admission. Second, one may be 

able to determine the effectiveness of each course within the context of an overall university 

program, something not accomplished in the past.  Third, the model may make it possible to 

generate student ability estimates which may be useful in predicting cumulative undergraduate 



 
 

 13

GPA.  And, finally, the model may make it possible to predict student outcomes on TExES 

Pedagogy and Professional Resposibilities (PPR) exams, which can further serve to flag 

university students, either pre-admission or during teacher candidacy, who may be in need of 

additional preparation.  A visual representation of this model is found in Appendix A. 

Although the results derived from specific implementation of the model are not 

generalizable beyond each program at stake, the model itself can be individualized to evaluate 

any teacher preparation program in order to determine the impact of each individual component 

of a program, the efficacy of the overall program, and the likelihood of success in the field. 

 Thus, with the aim of improving program effectiveness, the purpose of this project is to 

advance a model, based on the I-E-O framework, which can be used to evaluate educator 

preparation programs at the program level, individual course level, and at the student level to 

predict subsequent success TExES PPR exams as well career choice beyond program 

completion.  This study focuses on the following research questions: 

 

Research Questions 

1. Which pre-admission characteristics and pre-program variables are most influential in 
generating ability estimates, and are those ability estimates predictive of teacher preparation 
program completion GPA based on institution type? 

 
2. Do pre-admission, pre-program, and program variables predict success on TExES PPR 

Certification Exams among pre-service teachers based on institution type? 
 
3. Do pre-admission, pre-program, program, and certification variables predict career choice 1-

2 years beyond initial certification based on institution type? 
 

 

Limitations 

1. Although the model can be utilized to evaluate any university teacher preparation program,  
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the results derived from this study cannot be generalized beyond the specific program to 
which they are applicable. 

 
2. This model examines to relationships between outcomes on standardized achievement tests 

associated with university program admission (ACT and SAT) and teacher certification 
(TExES PPR).  This research makes no claim to the construct validity of the standardized 
assessments associated with the model.  However, these assessments are included because 
they are the only assessments currently utilized by teacher preparation programs associated 
with this study as well as the state of Texas. 

 
3. Research variables discussed may not be the only factors influencing participants’ scores. 

Other factors, including distractions at home or work, personality conflicts with professors, 
and measurement error, may influence results obtained. 

 
 

Delimitations 
 

1. The model, itself, is generalizable and can be used to evaluate any program. 
 
2. This study only examines traditional, university-based routes toward undergraduate degrees 

leading to teacher certification from one private and one public institution in Texas. 
 

 
Definition of Terms 

Ability estimate: A standardized estimate of the probability of a person’s ability.  In this 

study, ability estimates are based on high school course grades (Young, 1990). 

ACT:  A standardized achievement test commonly used as a measure of academic 

achievement for initial college entrance.  The ACT was initially developed in the 1950s and 

stands for the “American College Test.” 

ANCOVA: An acronym which stands for the analysis of covariance, ANCOVA is a 

statistical technique which first controls for a covariate using regression and then determines 

statistically significant differences using ANOVA (Henson, 1998; Williams, 2005). 

ANOVA: An acronym standing for analysis of variance, ANOVA a statistical technique 

which determines whether or not the means of 3 or more mutually exclusively groups (i.e., ethnic 

groups, age groups) are statistically significantly different at a specified level or on a specific 
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variable (i.e., GRE scores, categories such as income, etc.) (Schumacker & Lomax, 2004). 

Confidence interval:  A confidence interval is composed of two endpoint values which 

compose a range within which, if the same analyses were re-run multiple times on samples from 

a given population, is believed to contain a given population parameter (Cumming and Finch, 

2001; Fidler & Thompson, 2001).  

Confidence level:  In the literature, a confidence level often accompanies a confidence 

interval, often reported as a percentage (i.e., 99% or 95%), which indicates a confidence 

interval’s probability value (1 – α) (Cumming & Finch, 2001; Fidler & Thompson, 2001). 

Content:  In educational literature, frequent reference is made to “content.”  Simply 

stated, content refers to a specific discipline of certification specialty, such as math, science, 

social studies, language arts, music, physical education, etc. 

Conventional growth models: this refers to a class of growth models which utilize 

average means in their calculations and are not preferable to use when sub-populations of classes 

exist within a sample or population (Muthén & Curran, 1997). 

Covariate: a pre-existing variable that is naturally a part of a research question, but is not 

the principle focus of an investigation; traditionally these have also been called concomitant 

variables (Maxwell & Delaney, 2004). 

Growth mixture modeling: this refers to a family of statistical models that can be used to 

reveal latent traits associated with individual growth trajectories using longitudinal data (Muthén 

& Curran, 1997). 

Fixed effect: An effect which is fixed in terms of categories or specific levels of interest.  

An example of teaching experience as a fixed effect would be to categorize teaching experience 

in terms of time categories, such as 1-2 years experience, 5-9 years experience, etc.  When fixed 
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effects are specified, results can only be generalized to a smaller population, such as the sample 

(Maxwell & Delaney, 2004). 

Heterogeniety of variance:  The extent to which a sample is non-normal in its distribution 

on a given variable; the term heterogeneity references the grouping of different phenomenon 

(i.e., students in terms of achievement levels, etc.) (Schumacker & Akers, 2001). 

HLM:  An acronym that stands for hierarchical linear modeling, HLM is a multi-level 

model that allows researchers to exam situations in which levels of variables are nested within 

other variables (i.e., in examining teacher impact on K-12 outcomes, children are clustered in 

classrooms which are nested in schools, which are nested in school districts, etc.) (Maxwell & 

Delaney, 2004). 

IRT: An acronym that stands for item response theory.  IRT is often referred to as latent 

trait theory, true score theory, or measurement theory.  The parameters of a, or item 

discrimination; b, or item difficulty; and c, or the guessing parameter, are associated with IRT.  

(Hambleton, 1989).   

K-12 outcomes: Terminology referencing general outcomes in public school settings, any 

or all grades between kindergarten (K) and 12th grade. 

Latent class growth models: These are growth mixture models with reveal latent classes 

of sub-population membership, either continuously or categorically (Muthén & Curran, 1997). 

Logistic regression:  A statistical model used to estimate dichotomous outcomes from a 

set of predictor variables (Stevens, 2002) and is illustrated by the following conceptual model:  

Logit[Ө (x)] = log[Ө(x)/1- Ө(x)] = a + ß1x1 + ß 2x2 + ... + ß pxp.    

NCLB: No Child Left Behind.  The legislation set in place in 2001 by the George W. 

Bush Presidential administration that currently governs progress of children through and across 
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grade at the child, teacher, school, district, and state level.   

Main effect: The individual impact or effect of a factor on a single level of another factor 

(Maxwell & Delaney, 2004).  

Maximum likelihood (ML): In logistic regression, ML estimation is interpreted as a test 

of statistical significance (Stevens, 2002). 

Multiple regression:  In the family of general linear models, multiple regression allows 

one to predict an actual, continual outcome by using a composite of predictor variables and is 

illustrated by the following conceptual formula (Pedzahur, 1997): 

 Y^ = a + b1X1 + b2X2 + ... + bpXp.    

Ordinary least squares regression (OLS): In OLS regression, the sum of squared errors (e 

= Σe2) is used in the regression equation, Y = a + bX + e, so that the error encountered in using X 

to explain Y are minimized (Pedzahur, 1997). 

Presage variables: These are pre-existing variables that a teacher or pre-service teacher 

possesses, but that also influence their resulting ability to teach, such as one’s experiences, 

personality, knowledge base, etc. (Dunkin & Biddle, 1974). 

Pre-service teacher: A university student who is enrolled in a university based teacher 

preparation program. 

Random effect: An effect which is not fixed in terms of levels or categories.  An example 

of an analysis in which teaching experience is considered to be random would be to consider 

years individually, such as year 1 year 10.  When random effects are specified, results can be 

generalized to a larger population.  (Maxwell & Delaney, 2004). 

Reliable variance: Rowan et al. (2002) define this as the additive combination of: random 

school slope variance, random individual student slope variance, and teacher impact variance as 
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a measure of variance accounted for in their cross-classified model 

Reliability: Reliability refers to the “quality” of measurement in terms of determining the 

estimated consistency of results if an assessment was administered to the same sample multiple 

times (Maxwell & Delaney, 2004).               

SAT:  A standardized achievement test commonly used as a measure of academic 

achievement for initial college entrance in the United States.  The SAT stands for the Scholastic 

Aptitude Test. 

Teacher candidate: a university student who has been accepted into and enrolled in a 

university-based teacher preparation program. 

Teacher impact:  For purposes of this paper, teacher impact references the effect teachers 

have on a given result, such as student or K-12 outcomes; teacher impact is synonymous with 

teacher effect. 

TExES: Texas Examination of Educator Standards.  Depending on teaching 

specialization(s), teachers must demonstrate competency on two or more of these exams in order 

to obtain teacher certification in the state of Texas.  A composite scale score of 240 is the 

minimum required by the state of Texas in order to pass a TExES examination. 

TExES content exams:  In Texas, individuals interested in pursuing EC-12, 4-8 or 8-12 

certification must pass a specific content TExES examination which assesses their understanding 

of all their specific area of specialty, such as science or math, as they relate to teaching in their 

specific grade level(s). 

TExES generalist (EC-4 or 4-8):  In Texas, individuals interested in pursuing EC-4 grade 

or 4-8 teacher certification must pass a specific TExES examination, called the Generalist, which 
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assesses their understanding of all content areas as they relate to teaching in EC-4 or 4-8 grade 

classrooms in Texas. 

TExES PPR:  Pedagogy and Professional Responsibilities.  In Texas, individuals must 

pass a specific TExES examination, called the PPR, which assesses their ability to respond 

appropriately and professionally in a variety of educational settings and situations.  There are 

separate PPR examinations for the following grade levels: EC-4, EC-12, 4-8, 8-12. 

Value added modeling: With regards to education, value added modeling techniques are 

collections of statistical analyses that are used to estimate school and teacher effects or impact on 

K-12 outcomes (McCaffrey et al., 2003). 

z-score: As used in the Wright, Horn and Sanders (1997) study, the term z-score 

represents a standardized regression estimate of the extent to which an independent variable (i.e., 

teacher variable such as years of experience) impacts a dependent variable (i.e., student 

achievement on standardized tests) (Wright et al.; McCaffrey et al., 2003) 

z-score: As commonly referenced in statistics, a z-score represents the conversion of a 

raw score to a standard score with a mean of 0 and a range of -/+ 1.  (McCaffrey et al., 2003; 

Schumacker & Lomax, 2004). 

 

Summary 

This chapter provided information on the current status of teacher certification in the U.S. 

via traditional and alternative routes. It also provided a theoretical framework and presented the 

purpose of the model proposed for study.  Finally, the chapter outlined research questions, 

hypotheses, definitions and assumptions that comprise the foundation for this proposal. Chapter 

2 reviews existing literature related to the proposed study. 
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CHAPTER II 

LITERATURE REVIEW 

This chapter is divided into three sections related to the current project.  The first section 

discusses a study in which student ability estimates were generated from course grades (Young, 

1990).  The second section reviews studies which claimed to model and quantify the existence 

and nature of teacher and classroom impacts starting at the point of teaching employment on K-

12 outcomes through a variety of statistical techniques (Rivkin, Hanushek, & Kain, 2000; Rowan 

et al., 2002; Webster, Mendro, Orsak, & Weerasinghe, 1998; Wright et al., 1997;). The third 

section outlines the research of Noell, who is currently examining the relationships between 

teacher preparation programs and subsequent K-12 outcomes (Noell & Burns, in press; Noell, 

2006; Noell, 2005; Noell, 2004).   This chapter does not cover the broader scope of qualitative 

studies as they relate to program evaluation and/or teacher impact on K-12 outcomes. 

 

Generating Person Ability Estimates 

Young (1990) 

This study examined the utility of using traditional pre-admission measures to predict 

academic performance in undergraduate studies.  Inspired by the graded response model (GRM) 

developed by Samejima (1969), Young utilized IRT to adjust undergraduate GPA as a means of 

addressing the predictive validity of high school variables in determining college academic 

performance.  The sample included 1564 Stanford University students entering college in 1982.   

Adjusted, freshman year undergraduate GPA estimates were generated in the following 

steps.  First, grades earned during the freshman year of college were collapsed into categories 

(i.e., A+ and A- both became an A, etc.).  Second, principal factor analysis was used to partition 
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out unidimensional subsets.  Three course factors resulted and were labeled as natural science 

and engineering, social science, and humanities.  Courses with enrollments of 15 students or 

more were included for a total of 396 natural science and engineering courses, 198 social science 

courses, and 184 humanities courses.  An ability estimate was then generated for each student in 

each course set using the GRM formula, as calculated by the GRM: Ordinal program written by 

Muraki in Fortran (Young, 1990). Estimates for science and engineering courses were considered 

to be more precise because there was more variability in those course grades and there were 

more courses in that subset.  Grade inflation was said to bias estimates for the humanities subset. 

Following this, validity was examined by conducting two sets of multiple regression 

analyses.  In the first set, SAT verbal, SAT math and high school GPA were used to predict GPA 

at the end of the first year of undergraduate studies.  In the second set, SAT verbal, SAT math 

and high school GPA were used to predict IRT ability estimates.  The amount of chance in R2 

estimates between the ability estimates and undergraduate freshman year GPA was as follows: 

an increase of .0955 in R2 for the natural science and engineering courses (ability estimate R2= 

.373, GPA R2= .277), an increase of .0172 in R2 for the social science courses (ability estimate 

R2= .297, GPA R2= .279), and a decrease of -.0055 in R2 for the humanities courses (ability 

estimate R2= .262, GPA R2= .267).  Again, grade inflation was believed to contribute to the 

outcomes associated with the humanities course set.  Further, in all analyses, high school GPA 

was reported to never be the best predictor.  SAT verbal and/or SAT math were always better 

predictors of both freshman GPA as well as freshman ability estimates. 

 

Concerns 

Young (1990) pointed out potential limitations to this research.  The limitation that 



 
 

 22

appeared most relevant to this dissertation was his concern that student by course interactions 

could exist and were not ultimately known or accounted for.  These student by course 

interactions could make results multidimensional, resulting in biased ability estimates. 

 

Modeling Teacher Impact on K-12 Outcomes beyond Certification 

The following studies specifically examined the impact individual teachers had on K-12 

outcomes during a given academic year, the cumulative effect of different teachers over time on 

an individual student, and the impact of teachers on students of differing achievement levels.  

These studies modeled relationships starting from the time of teaching employment and/or initial 

certification and tested the utility of a variety of different types of analyses.  At the time of this 

study, literature modeling the relationships between pre-admission variables, teacher preparation 

program variables and teacher certification outcomes was extremely limited.  However, because 

several of the issues associated with the following research studies are related to the current 

project, their analyses and research designs were considered directly relevant to this chapter.   

 

Wright, Horn, and Sanders (1997) 

Wright et al. (1997) modeled K-12 achievement gains to determine whether or not 

standardized K-12 test scores were a function of selected student and teacher impact covariates.  

Data was organized into two samples: (a) 30 school districts including 9,900-11,000 third 

graders, 9,300-10,500 fourth graders, and 6,500-8,900 fifth graders; (b) 24 school districts 

including 13,500-14,100 third graders, 12,300-13,500 fourth graders, and 8,600-10.100 fifth 

graders.  Wright et al. (1997) used Tennessee’s standardized achievement tests to model gains in 

reading, math, language, social studies, and science.  Thirty models were fit across content areas 
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and in each of the grade levels. Gains were modeled with student and classroom effects specified 

as fixed effects and teacher effects specified as random.  Four fixed covariates were also 

included.  Results indicated teacher effects were statistically significant in all models and student 

achievement was statistically significant in 26 of the models.  Wright et al. (1997) interpreted 

these findings to indicate teachers are the most important factor impacting K-12 outcomes. 

  

 Concerns 

McCaffrey et al. (2003) identified the following concerns: (a) there were a limited 

number of variables in the study, so it could not be said with solid certainty that teacher impact 

was the sole factor contributing to K-12 outcomes; (b) no discussion of the alignment between 

standardized achievement tests and curriculum offered at schools from which data was collected 

was included; (c) no discussion of participating teacher’s perception of the importance of the 

standardized achievement testing was included.  Further, this study dealt with intact groups as 

teachers were assigned to classrooms, which violated an assumption of the analyses used, 

potentially biased estimates (McCaffrey et al., 2003; Williams, 2005; Henson, 1998). 

 

Rivkin, Hanushek, and Kain (2000) 

Rivkin et al. (2000) attempted to address the aforementioned weakness: covariates do not 

adequately account for residual effects of schools and/or students, which can result in 

confounded estimates.   Thus, they estimated true teacher impact on K-12 outcomes as separate 

from all other sources of variability by utilizing criterion-referenced mathematics achievement 

data from results on Texas state standardized achievement tests.  Data on over 500,000 students 

in 2,156 elementary schools was collected.  Three cohorts were organized, following students 
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over a 3-year period as follows: two cohorts were followed in 4th, 5th, and 6th grades, one cohort 

was followed in 3rd, 4th, and 5th grades. 

 Gain scores were generated and reported as uncorrelated with student, neighborhood, 

peer, and school impact.  Individual averages, Ai, for differences in gain scores of subsequent 

grade levels were generated in order to remove the impact of these factors on growth (McCaffrey 

et al., 2003; Rivkin et al., 2000).  Ai was dependent on individual teacher impact for two grade 

levels as well as residuals from grade-within-school effects (Rivkin et al.).  Grade-within-school 

effects were removed by squaring the differences between grade levels across cohorts to generate 

D values. D values were then dependent variables in a linear regression model, with teacher 

turnover rate as the independent variable.  Statistically significant relationships were reported 

between D and turnover rates in all models, regardless of whether or not covariates were 

included.  Rivkin et al. reported differences in academic gains across cohorts varied based on the 

amount of teacher turnover that existed within each cohort. 

 

 Concerns 

First, lower bound estimates of true variance utilized in this study removed variance 

between schools and districts to potentially bias estimates (McCaffrey et al., 2003).  Second, D 

functions best when the sample size of teachers is large.  Because schools can only house a 

smaller number of teachers within them, the D estimate is positively biased if teacher 

effectiveness and turnover rates are correlated (McCaffrey et al., 2003).  Third, because scores 

were not tied to a single developmental scale across grades, changes in scores cannot be assumed 

to be directly representative of changes in achievement (McCaffrey et al., 2003).   
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Rowan, Correnti, and Miller (2002) 

Rowan et al. (2002) used data from a national dataset known as: Prospects: The 

Congressionally Mandated Study of Educational Growth and Opportunity 1991-1994 to test and 

compare models estimating teacher impact on K-12 outcomes: a 3-level nested ANOVA model, 

an adjusted covariate model, a gain score model, and a cross-classified model as described by 

Raudenbush and Bryk (2002).  The study also examined the magnitude and stability of teacher 

impact on K-12 outcomes, explored variables and determined which accounted for classroom-to-

classroom differences, and discussed ways in which results from K-12 outcomes could be used 

to improve teaching methodology.  Rowan et al. (2002) reported accounting for 60-61% of 

reliable variance in reading and 52-72% of the math variance using the cross-classified model.   

 

 Concerns 

Rowan et al. (2002) reported covariate models can be misinterpreted as they assess 

teacher impact on achievement status, not on achievement itself.  Also, the authors cautioned that 

when little variance exists among students’ growth rates, unreliable estimates result.  Because 

students are generally grouped in classes of similar socioeconomic backgrounds, the opportunity 

for diverse growth trajectories is limited (Henson, 1998; Rowan et al., 2002; Williams, 2005). 

 McCaffrey et al. (2003) raised additional concerns regarding the way in which Rowan et 

al. (2002) calculated reliable variance estimates for the cross-classified model, stating they may 

have selected an estimate that was positively biased in order to generate favorable results.  

McCaffrey et al. (2003) discussed the vagueness in which the study handled missing data in all 

analyses, how the covariate model did not account for previous year’s achievement, and the 

omission of potential variables that could have contributed to variance.   
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Webster, Mendro, Orsak, and Weerasinghe (1998) 

In this study, Webster et al. (1998) implemented: (a) a two-stage, two-level student-

school HLM model to estimate school impact on K-12 outcomes and, (b) a two-stage, two-level 

student-teacher HLM model to estimate teacher impact on K-12 outcomes.  Ten years of data 

from Dallas Independent School District (DISD) were utilized to this end. 

 Although the authors discussed HLM analyses as models of choice in this article, what 

was relevant to this study was their discussion of utilizing ordinary least squares regression 

(OLS).  They reported OLS models are significantly better than analyses based on unadjusted test 

scores or student gain scores.  In fact, the authors stated estimates generated utilizing unadjusted 

test scores or student gain scores are neither informative nor fair (Webster et al., 1998).  However, 

the authors also reported OLS and HLM models were moderately (r ≥ .86) correlated in some 

analyses as well as poorly (r ≤ .58) correlated in others, stating valuable information can be lost in 

OLS analyses when student data was aggregated at the school level prior to analysis (Webster et 

al., 1998). 

 

 Concerns 

The authors reported individual student growth curves did not contain enough 

information needed to make non-biased predictions and asserted growth curve analyses did not 

correlate strongly with other OLS analyses conducted (r ≤ .85), and even more poorly with HLM 

analyses (r ≤ .75) (Webster et al., 1998).  Also, the authors did not describe, at any point, their 

samples in terms of numbers of students, teachers or schools which were included in the analyses 

used to substantiate claims.  
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McCaffrey, Lockwood, Koretz, and Hamilton (2003) 

In their book, Evaluating Value-Added Models for Teacher Accountability, the three 

studies listed above were reviewed.  Relevant strengths and criticisms as reported by these 

authors are previously cited in this literature review chapter.  In addition, McCaffrey et al. (2003) 

discussed a number of relevant topics which may influence value added modeling estimates.  

These include: (1) how to select and specify effects within a variety of basic, available value 

added models; (2) how to deal with missing information in longitudinal data, noting the fact no 

one can be certain any model includes all variables which can impact K-12 outcomes; (3) how no 

standardized test measures achievement perfectly, and measurement error can bias estimates; (4) 

and how errors in estimates can result from sample variance as well as inappropriate model 

selection or specification.  Thus, the work of McCaffrey et al. (2003) predominately dealt with 

quantifying links between generalizable teacher preparation variables, such as type of degree or 

teaching certification, to certification outcomes and ultimately to K-12 outcomes.   

 

Modeling Teacher Impact on K-12 Outcomes from 
High School and through Teaching Employment 

 
The ongoing research of George Noell (2006) is the first to focus on examining 

relationships between teacher preparation programs and K-12 outcomes in greater detail by 

utilizing the statewide public educational K-12 database, LEADS, as managed by Louisiana’s 

Department of Education’s Division of Planning, Analysis, and Information Resources (Noell & 

Burns, 2006; Noell, 2005; Noell, 2004).  As a professor and researcher at Louisiana State 

University, Noell piloted a data system which followed teachers and students in 10 school 

districts from 2002-2004, with 8 of those campuses being the same for both academic years.   

 



 
 

 28

Noell Pilot Work (2004; 2005) 

 Following the 2002-2003 academic year (n = 286,223), Noell utilized and compared three 

types of analyses to examine K-12 outcomes in the content areas of math and English-language 

arts in terms of teacher impact:  (1) analysis of covariance (ANCOVA); (2) a weighted 

ANCOVA; and (3) hierarchical linear modeling (HLM) or linear mixed modeling.  Student level 

variables predictors were: free and reduced lunch status; ethnicity; gifted/special education 

status; Title 1 reading eligibility; English proficiency status; and student scores on previous 

year’s state standardized English language arts, science, social studies and math exams.  Campus 

level variables were campus averages on state standardized achievement tests from the previous 

year, the percent of females per campus as well as the percent gifted per campus.  Teacher level 

variables are outlined in Table 1. 

Table 1 
 
Noell’s Teacher Classification Groups (2004) 
       
            Group      Criteria     
New Teacher         a.   has less than three years teaching experience  
          b.   holds a C or L1 teaching certificate 
          c.   obtained degree within 5 years of starting 
Emergency Certificated Teacher      a.   those who are teaching on an emergency 
           certificate 
Regularly Certified Teacher       a.   possesses 3 or more years experience 
          b.   has an A, B, C, L1, L2, or L3 certificate 
Other          a.   does not meet any of the above   
Note.  C certificates are no longer issued as of July 1, 2002; Currently, L1 certificates are issued after graduation 
from a university or teacher preparation program; L2 and L3 certificates are more advanced than L1 certificates, 
with both requiring a minimum of 150 hours professional development and passing the Louisiana Assistance and 
Assessment Program, and the L3 certificate requiring a masters degree (Louisiana Department of Education, 2006). 
 

Noell concluded that although all three analyses yielded generally similar results, the HLM 

analyses were regarded as more flexible and, thus, more desirable for use.  Noell (2004) 

continues to use HLM approaches in ongoing research today.  Byrk, Raudenbush, Seltzer, and 
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Congdon (1998) explained the advantages of utilizing HLM analyses over regression analyses as 

follows: (a) HLM analyses can explain K-12 outcomes as a function of school and/or classroom 

variables while accounting for variances in K-12 outcomes that exist in those schools and/or 

classrooms; (b) HLM analyses can model and explain variance in student characteristics, such as 

gender or SES, at the school and/or classroom level; (c) HLM analyses can model both between 

and within group variance estimates simultaneously, supposedly making them more accurate; 

and (d) HLM analyses can produce better estimates regarding predictors of K-12 outcomes at 

both the school and classroom levels by utilizing information gathered from other schools and 

classrooms. 

Exploratory results of Noell’s (2004) initial study suggested the strongest relationships 

existed between past achievement and current achievement.  Thus, students tended to perform 

similarly year after year on achievement tests. Further, there appeared to be a negative 

relationship between years of achievement data and demographic variables; meaning as number 

of years of achievement data increased, the relative importance of demographic factors 

decreased.  Further, students in K-12 classrooms with experienced teachers generally performed 

better on standardized achievement tests, but not always.  One HLM analysis did reveal new 

teachers from a particular university were more successful at preparing K-12 students for math 

achievement tests than their experienced counterparts (Noell, 2004).  Noell concluded it is 

possible to quantitatively tie K-12 outcomes to teacher preparation programs.  Not surprisingly, 

subsequent analyses by Noell on following 2003-2004 pilot data revealed similar results (Noell, 

2005; Noell, 2006).   
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Concerns 

Noell (2004) noted several issues as they related to his pilot research as well as his 

aspirations for subsequent research utilizing the LEADS data.  First and foremost, issues 

surrounding Noell’s initial studies had to do with the fact that the kind of research he was 

interested in doing had not been done before, so actual data as well as and a standard analytical 

approach toward examining said data was non-existent prior to his pilot study on the 2002-2003 

data.  Further, because NCLB mandates did not at that time, or even now, require standardized 

testing of children in grades PK-3, results could only be evaluated for grades 4-12 (Noell, 2004).  

Other concerns included the unfortunate reality that in Louisiana students are given different 

types of standardized tests in different grade levels, making results from year to year not directly 

comparable.  Although it is possible to standardize these results in a manner which makes them 

comparable, Noell believed the corrections required to do this would ultimately result in a 

weaker longitudinal model over time (Noell, 2004).  Further limitations included the lack of 

options in terms of statistical packages available to analyze data and the issue of missing data 

over time as children and teachers move.  

 

Noell (2006) 

Data from the 2004-2005 academic year comprised the first year of Noell’s actual value 

added teacher preparation program assessment project.  Noell developed his models by generally 

following the layered mixed effects models described by Tekwe, Carter, M. Algina, Lucas, Roth, 

Arlet, Fisher, and Resnick (2004; Noell, 2006). In these analyses, student performance on state 

standardized achievement tests was assumed to be the result of the following: prior student 

achievement, student demographics, classroom context variables, teacher impact, and the school 
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effect.  Noell specifically examined impacts on K-12 outcomes at the teacher or classroom level, 

as well as at the school level. 

Noell’s (2006) third year of analyses was different from pilot years in the sense that the 

third year included a third layer whereby teachers were grouped within schools.  It is important 

to note that, for these analyses, Noell’s model only estimated the contribution of the student’s 

sole teacher on only the learning assessed during the 2004-2005 academic year.  For further 

discussion of ways models can remove prior years’ achievement in an effort to isolate current 

year achievement, see MacCaffrey et al. (2003) and Rowan et al. (2002). 

After identifying the 3-level model described above, the steps by which Noell (2006) 

analyzed his 2004-2005 data as a model of the student level on K-12 outcomes were as follows:  

(a) students scores on the previous year’s academic achievement tests in areas of ELA, math, 

science and social studies were collectively entered as fixed effects; (b) statistically significant 

main effects were found for all of these and were retained in the model; (c) demographic 

variables were subsequently entered in similar fashion, but as dichotomous variables (i.e., free 

and reduced lunch, section 504 status, LEP, gender, ethnicity); (d) demographic variables were 

removed one by one on the basis of lowest t values, until all remaining variables were 

statistically significant.  It is interesting to note demographic variables collectively accounted for 

only 4% of variance found in corresponding achievement scores (Noell, 2006).   

Following this, Noell (2006) developed a model which examined the classroom level on 

K-12 outcomes.  This model followed the student level model, as classroom variables were first 

entered as a collective block, and then individually removed on the basis of lowest t values until 

all remaining variables were statistically significant.  Several variables included in the classroom 

model were similar to the student model: percentage of students who were male, minority, who 
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received free and reduced lunch, were in special education, were gifted, or were Limited English 

Proficiency (ELP).  Other variables included were class means on prior achievement values of 

standardized English Language Arts (ELA), math, science, and social studies tests.  Again, as 

found with the student level model, the classroom level model revealed performance on previous 

standardized tests were the best predictor of outcomes on 2004-2005 ELA, science, social 

studies, and math standardized tests (Noell, 2006). 

Using the same data, additional analyzes were run to determine overall teacher effects by 

years of teaching experience.  General trends regarding teacher impact on K-12 outcomes were 

identified as:  teacher impact increased dramatically over the first three years of teaching, and 

then leveled off (Noell, 2006).  Results suggest years of experience are not necessarily as 

strongly correlated with K-12 outcomes.  Looking deeper at Noell’s model, four levels of impact  

were identified through his examination of teacher preparation effects on K-12 outcomes.  Noell 

(2006) compared new teachers to experienced teachers while controlling for previous 

achievement, student demographic effects, and school effects.  Teachers were further classified 

into levels outlined in Table 2 below. 

Table 2 
 
Noell’s Classification of Teacher Preparation Program Impact on K-12 Outcomes (2006) 
          
            Level                       Description      
Level IV    Statistically Significantly More Effective Than  
     Experienced Teachers 
 
Level III    Comparable to Experienced Teachers 
 
Level II    Less Effective than Experienced Teachers 
 
Level I     Statistically Significantly Less Effective then  
     Experienced Teachers      
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The K-12 achievement assessment on which the model was built was the Louisiana 

Educational Assessment Program for the 21st Century (LEAP-21) as the high stakes assessment 

for grades 4 and 8 in Louisiana public schools.  Further, Noell (2006) only included teacher 

preparation programs that had 10 new graduates out in the field, and analyzed traditional as well 

as university-based programs separately.  Noell reported mean adjustments to K-12 outcomes 

expected based on a standard deviation of 50, as well as 95% confidence interval estimates.   

Results indicated that of the 21 teacher preparation programs included in this first year of 

the project (11 traditional programs; 10 alternative programs), none of them generating new 

teachers were reported to statistically significantly outperform the impact of experienced 

teachers in areas of ELA, math and science K-12 outcomes (Noell, 2006).  Further, more 

traditional programs than alternative programs were classified in the Level III category across all 

content areas.  However, several preparation programs were reported to generate teachers who 

were comparable to experienced teachers.  Wider confidence intervals were associated with 

outcomes in the content areas of math and science as compared to those of ELA and social 

studies, indicating less precision of those estimates.  In addition, an empirical Bayes intercept 

residual, also used by Rowan et al. (2002), was estimated for each teacher, each year, to 

determine reliability at the individual teacher level.  These estimates were considered to be lower 

bound due to the ongoing development of the model, and the expectation that subsequent multi-

year averages would produce more reliable estimates in years to come (Noell, 2006).   

 

Concerns 

As extensive as Noell’s (2006) work is, more work is needed to tie teacher preparation 

programs to K-12 outcomes.  For example, Noell indicated although he desired to correlate 
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teacher program admission variables (i.e., ACT scores) to K-12 outcomes, 69% of the teachers in 

his sample did not report ACT scores.  Further, individual program courses were not tied to the 

model, making it impossible for higher education faculty and administrators to be able to 

pinpoint potential areas of program weakness which may be in need of restructuring.  Without 

this kind of information, little improvement in the ways teacher preparation programs admit and 

educate pre-service teachers can be made. 

 

Summary 

This literature review was presented in three sections.  The first section discussed a study 

in which student ability estimates were generated from course grades (Young, 1990).  The 

second section discussed studies which claimed to model teacher and classroom impacts on K-12 

outcomes from the time point of teaching employment through a variety of statistical techniques 

(Wright et al., 1997; Rivkin, Hanushek, & Kain, 2000; Rowan et al., 2002; Webster, Mendro, 

Orsak, & Weerasinghe, 1998). The third section reviewed the research of Noell regarding the 

relationships between teacher preparation programs and subsequent K-12 outcomes (Noell and 

Burns, 2006; Noell, 2006; Noell, 2005; Noell, 2004).  This chapter did not cover the broader 

scope of qualitative studies as they relate to program evaluation and/or teacher impact on K-12 

outcomes. Chapter 3 discusses the methodology proposed associated with the current study as it 

relates to the aforementioned studies. 
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CHAPTER III 

METHODS 

Statistical Issues 

 As with other statistical models, value-added estimates can vary substantially as a result 

of researcher decisions, and practical implications of findings should be considered carefully 

when interpreting estimates.  This chapter begins with a section describing specific statistical 

issues discussed in Chapter II as well as others encountered as associated with this study.   

 

Power, Sample Size, Effect Size, and Statistical Significance 

University administrators were consulted regarding the interpretation of power, sample 

size, effect size, and statistical significance.  They requested the recommendations of Cohen 

(1988) be considered when drawing conclusions regarding statistical significance, effect size, 

power, and sample size.  Because sample size could not be set apriori as entire populations are 

included in this study, power could not be selected apriori.  Instead, results were interpreted in 

terms of statistical significance tests and effect sizes measures, with consideration of 

sample/population size and power included in Chapter 4 discussions.  Statistical significance at 

the p < .05 and p .< .01 levels was sought.  Effect size measures were interpreted as small, 

medium and large in the following manner: an R2 of .01, .09, and .25 respectively (Cohen, 1988). 

 

Replicability and Reliability 

ACT, SAT, and ETS companies were each contacted regarding reliability estimates.  

Reliability estimates at the university level do not exist for ACT, SAT, and TExES examinations.  

Further, it was not possible to know which test forms students took.  However, because these 
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measures are the primary standardized means of assessing teacher qualifications in the state of 

Texas, they were included in this study.   

 In conjunction with reliability, the extent to which study results would be replicable was 

considered.  The discussion of replicability of study results across academic years was 

considered more relevant than information which statistical methods such as double cross 

validation or jackknife could provide.  As such, the stability of programs over time was of 

interest and administrators at Private University and Public University, as defined momentarily, 

were questioned regarding the following issues: faculty turnover and ratio of full to part-time 

faculty, program requirement consistency across years, and stability of student type and 

admission requirements over time.  This discussion can be found in Chapter 4. 

 

Normality 

 Non-normality was prevalent in many of the course distributions associated with both 

Private University and Public University in the form of grade inflation.  As noted in Chapter II, 

non-normality can bias estimates, especially when there is little variance associated with a 

distribution (McCaffrey et al., 2003; Young, 1990).  Reasons for grade inflation as they 

individually related to each institution’s teacher preparation programs were discussed with 

higher education administration.  Normality in terms of skewness and kurtosis were considered 

prior to conducting each analysis associated in this study. 

 

Omitted, Confounding and Missing Variables 

Value-added models use data that have been collected in observational, as opposed to 

experimental, settings.  Because of this, two kinds of issues can skew estimates: (a) it is 
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impossible to know that any given model includes all possible influences on dependent variables 

and that there are no confounding variables involved; and (b) incomplete data in the context of 

omitted or missing data can make it impossible to differentiate between effects (McCaffrey et al., 

2003).  Models which do not account for differences in student populations, such as differences 

in SES between two schools, can actually yield biased estimates, even for complex multivariate 

models.  

Further, because the true teacher preparation program impact may be correlated with the 

types of students who are being taught, current value-added models cannot separate existing 

contextual effects from these effects (McCaffrey et al., 2003).  Aside from this, effects that result 

from school environments, school districts, and prior teachers are difficult to separate as well.  

Further, if these effects are omitted from models, they are, intentionally or unintentionally, 

subsumed by teacher preparation program effects.  Thus, this may bias what researchers 

ascertain true teacher preparation program effects to be (McCaffrey et al., 2003). University 

administrators were consulted regarding interpretation of results and the possible impacts 

omitted and confounding variables may have had. 

 

Bivariate Correlations vs. Structure Coefficients 

Because this study was conducted on existing data and intended to be utilized by 

universities as such, actual bivariate correlations between predictor and outcome variables were 

interpreted instead of structure coefficients. There were two reasons for this decision.  First, 

Thompson’s stated researchers need to interpret either beta weights with structure coefficients or 

beta weights with bivariate correlations with actual outcomes in order to address suppressor 

variables and multicollinearity issues (Thompson, 1992).  Second, after talking with university 
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administrators, it was decided the calculation and interpretation of bivariate correlations would 

potentially be easier to conceptualize as well as explain to faculty. 

 

Suppressor Variables 

 One of the purposes of this study was to provide teacher preparation programs with a 

model which could be useful in revealing key courses which have an impact on program 

completion variables.  As such, bivariate correlations with outcomes were considered apriori to 

many of the multiple regression analyses conducted.  Although this approach may have made it 

more difficult to identify suppressor variables, the focus of this study was directed at narrowing 

the list of courses in order to predict those 2-3 courses most predictive of program completion 

outcomes.  With this kind of information, program administrators could potentially track student 

progress in these key courses more closely than other courses as an indication of overall student 

progress.  Still, in order to be sensitive to the potential existence of suppressor variables, 

comparisons were consistently made between bivariate correlations with outcomes as well as 

beta weights associated with regression analyses during interpretation as Thompson (1992) 

suggested. 

 

TExES PPR Outcomes 

 Inferences made as based on standardized student achievement measures, such as the 

TExES for teacher certification and the K-12 standardized assessment known as the Texas 

Assessment of Knowledge and Skills (TAKS) are limited.  First, no one assessment can give a 

true picture of all knowledge possessed or achievement accomplished, and the anxiety generated 

in students by the very high stakes of K-12 accountability tests introduces different amounts of 
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measurement error for each test taker.  Aside from this, other problems include: (1) using 

standardized test scores in raw forms can bias estimates (McCaffrey et al., 2003); and (2) content 

exams differ greatly by areas of teaching specialization.  For example, the TExES 8-12 English 

Language Arts exam assesses content knowledge very different from the TExES 8-12 Life 

Science exam.  However, both are used to certify 8-12 teachers in the state of Texas.  Instead, 

this study only examined the TExES PPR exams, regardless of program or grade level 

specialization, as all TExES PPR exams purport to assess the same domains and competencies 

related to teaching pedagogy and professional responsibilities in the state of Texas. 

 To summarize, statistical issues described above appeared in the literature when others 

have attempted to link a limited number of teacher preparation program variables to teacher 

certification outcomes.  It was expected these issues would surface as this study elaborated 

further on teacher preparation program variables, and added pre-service teacher variables.  As 

such, these issues were carefully considered when examining each teacher preparation program 

and conducting analyses associated with this study. 

  

Introduction to the Model 

In light of both the strengths and weaknesses associated with current models evaluating 

teacher impact on K-12 outcomes, a new value-added model was proposed which could 

incorporate and expand upon the teacher preparation program level. This model was expected to 

provide valuable, data-driven information regarding the effectiveness of individual components 

of teacher preparation programs.  

 This model was predicted to have several practical implications.  First, it was anticipated 

the model could make it possible to estimate the effectiveness of an individual course within a 
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program, an achievement not previously accomplished.  Further, it was expected that if program 

completers are tracked beyond certification, the effectiveness of each course in the light of 

subsequent teacher impacts on K-12 student outcomes could be estimated.  Third, the value-

added goal associated with study was to determine how much value a teacher preparation 

program adds to each program completer.  As such, it was predicted the model could be used to 

compare the effectiveness of a variety of teacher preparation programs and/or instructors. 

Finally, it was anticipated a variety of questions could be answered through the implementation 

of this model, such as: “Are additional, specific courses needed?,”  “Which courses best prepare 

teachers?,” and/or “Which courses should be restructured?”  

 

Participants 

 This study examined entire populations of program completers who graduated with 

bachelor degrees and obtained initial certification during the 2005-2006 academic year, to 

include summer matriculation, at two institutions in north central Texas referred to only as 

Private University and Public University.  Only traditional routes toward initial certification at 

these institutions were examined. Programs of study from which samples were drawn included 

early childhood through fourth grade (EC-4), middle school (4-8), secondary (8-12), and all level 

(EC-12) programs at both institutions regardless of area of specialization (i.e., science, math, 

special education, etc.).  Sample/populations sizes by program are found in Table 3. 

Table 3 

Program Completer Numbers for Private and Public Universities: 2005-2006 

Program Private University Public University 
EC-4 46 244 
4-8 21 45 
8-12 20 71 

EC-12 32 99 
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            There were two primary reasons why Texas institutions were selected for this study as 

opposed to out-of-state institutions.  First, only Texas institutions are authorized to clear 

individuals seeking bachelors degrees and initial certification at the same time for TExES exams.  

Second, teacher preparation programs associated with participating institutions prepare teachers 

to teach in the state of Texas, claiming to align course lectures, requirements, and activities with 

kindergarten through twelfth grade (K-12) curriculum standards as well as TExES domains and 

competencies, both established by the Texas Education Agency (TEA).  The K-12 state 

standards are known as the Texas Essential Knowledge and Skills (TEKS) and are assessed in K-

12 classrooms via the TAKS standardized tests as well as addressed on TExES examinations.   

 Total enrollment at Private University during the 2005-2006 academic year was roughly 

8,500, with about 125 students graduating from educational programs of study which led to 

bachelors degrees and initial teacher certification. Total enrollment at Public University during 

the 2005-2006 academic year was roughly 26,000, with about 450 students graduating from 

educational programs of study leading to bachelors degrees and initial teacher certification.   

 

Instrumentation, Variables, and Data Collection 

 Data was collected by personnel in each university, stripped by each institution of all 

identifying information by existing university personnel, and given to the researcher for 

examination.  Because this study was conducted using stripped, archival data as provided by 

each institution, participants were not known by the researcher and no instrumentation was 

administered.   

Variables examined in conjunction with this study included: (a) high school variables in 

the form of grades earned in core required high school courses and ability estimates generated 
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from them; (b) pre-admission variables in the form of SAT and ACT scores; (c) undergraduate 

variables as GPA on first 60 hours, cumulative completion GPA, and grades earned in key 

educational courses; (d) program completion variables in the form of TExES PPR outcomes and 

career choice beyond graduation.  An exhaustive list of associated high school and undergraduate 

courses associated with this study can be found in Appendices A-C. 

Further, assessments examined included the following standardized examinations which 

program completers naturally encountered during the course of their high school and/or 

undergraduate programs of study:  ACT, SAT, TExES EC-4 PPR, TExES 4-8 PPR, TExES 8-12 

PPR, TExES EC-12 PPR.  Brief descriptions of these instruments can be found in Chapter II.  

Domains and competencies purported to be covered on all TExES PPR examinations, regardless 

of grade level of certification, can be found in Table 4. 

Table 4 

TEA’s Domains and Competencies as Measured on TExES PPR Exams 
         

Domain 1:   Designing Instruction & Assessment to Promote Student Learning 
 Competency 1:  Understanding Human Development 
 Competency 2:  Diversity, Learning & Assessment 
 Competency 3:  Designing Effective Instruction  
 Competency 4:  Considering a Range of Factors That Impact Learning 

Domain II:   Establishing a Positive Climate 
 Competency 5:  Establishing Safe & Productive Classroom Climates 
 Competency 6:  Managing Classrooms 

Domain III:   Implementing Effective, Responsive Instruction & Assessment 
 Competency 7:  Strategies for Effective Communication 
 Competency 8:  Actively Engaging Students in Learning 
 Competency 9:  Using Technology in the Classroom   
 Competency 10:  Using Assessment to Monitor & Provide Feedback 

Domain IV:   Fulfilling Professional Roles & Responsibilities 
 Competency 11:  Interacting & Communicating with Families 
 Competency 12:  Professional Roles and Responsibilities 
 Competency 13:  Legal & Ethical Requirements for Teachers 
________________________________________________________________________ 
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Overview and Analysis of the Model 

 This model evaluated eight teacher preparation programs housed within two separate 

colleges of education.  There were three primary stages associated with this study.  Staging by 

university can be found in Appendices E and F.  Stage One explored a variety of pre-university 

student input variables to include high school grades, high school ability estimates, SAT scores, 

ACT scores, and their utility in predicting overall undergraduate GPA.  Stage Two examined the 

relationship and impact an individual teacher preparation program (i.e., EC-4, 4-8, 8-12, and EC-

12 programs) has on pre-service outcomes on TExES PPR certifications examinations at the 

course and semester level.  Stage Three examined the career choices of newly-certified teacher 

preparation program completers during the first two years beyond program completion.  Stages 

were carried out independently for each institution, and then compared to look for similarities, 

differences, strengths, and weaknesses. 

 

Stage 1 

 The research question associated with Stage 1 was: Which pre-admission characteristics 

and pre-program variables are most influential in generating ability estimates, and are those 

ability estimates predictive of teacher preparation program completion GPA based on institution 

type? 

Stage 1 was carried out in four steps: (1) high school transcript data was aggregated into 

usable form, (2) principal components analyses were run on high school course grades to identify 

associated underlying unidimensional components; (3) clustered courses identified via principal 

components analyses were used to generate item response theory (IRT) person ability estimates 

for each program completer; (4) multiple regression was used to compare the utility of these 

ability estimates in predicting  university GPA outcomes to the current use of SAT and ACT 
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scores to predict university GPA outcomes.  Again, an exhaustive list of high school courses can 

be found in Appendix B. 

 There are two primary exploratory factor analytic (EFA) techniques which answer 

different types of research questions.  The first, principal components analysis (PCA), reduces 

the number of variables in a research study; and the second, principal axis factor analysis (PFA), 

detects structure, or classifies, relationships between variables (Keiffer, 1999; Mertler & 

Vannatta, 2002).  For purposes of Stage 1 in this study, only PCA is utilized to specifically 

collapse variables into components which can collectively explain as much variance as possible.  

PCA does this by utilizing the following formula (Stevens, 2002): 

    y1 = a11x1 + a12x2 + . . . + a1pxp 

Subsequently, PCA identifies another linear combination that is uncorrelated, or orthogonal, with 

the first component using variance (Wells, 1999).  This second component accounted for the 

most of this residual variance by utilizing the following formula: 

    y2 = a21x1 + a22x2 + . . . + a2pxp 

 Once components are identified, courses weighing heavily within those components are 

revealed.  High school courses which contribute heavily to these components are then used to 

generate person item IRT ability estimates for each individual program completer.   

Rogers, Swarninatan, and Hambelton (1991) stated the abilities as well as the parameters 

which characterize items, or in this study courses, are ultimately unknown.  IRT is similar to 

regression, but differs in fundamental ways: (1) regression models are usually linear, whereas 

IRT models are nonlinear; (2) with linear regression, IVs are known, but with IRT, Ө is 

unknown; (3) linear regression models use OLS, whereas IRT models use maximum likelihood 

criterions (Rogers et al., 1991). 
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 Although early IRT models were only able to handle dichotomous data (i.e., whether or 

not a student passed or failed a course), models now exist which can handle polytomous data 

(whether or not a student made an A, B, C, D, or F in a course) (Schulz & Whitney, 2005).  A 

two-parameter, polytomous model is utilized to this end, where a, or a course’s ability to 

discriminate among students, and b, or a course’s difficulty, were estimated.  Muraki (1992) 

developed the following two-parameter model for polytomous data:  

  Pjk(Ө) = exp[∑k
 v=0Daj(Ө-bjv)] / ∑mj

 c=0 exp [ Daj(Ө-bjv)] 

 In this model, j is the university course, mj is the number of possible values for j (in this 

case, 5), and k is the response (i.e., grade letters of A, B, C, D, F).  D represents a scaling 

constant, a is the slope, and b item category parameter (Muraki, 1992). 

There are two main assumptions associated with IRT techniques.  The first is 

unidimensionality.  Simply stated, unidimensionality requires that IRT models measure only one 

ability with the application of each model (Rogers et al., 2005).  For this study, the assumption of 

unidimensionality was addressed through the PCA techniques used to identify university courses 

which correlate into components.  The second assumption is that of local independence. This 

means all factors influencing student abilities should be included in the model.  Although it was 

impossible to quantify all factors influencing student abilities, this model included all core 

courses required in high school as reported on official transcripts. 

The last analysis associated with Stage 1 involved the use of multiple regression as a 

means of determining whether or not the aforementioned person ability estimates were predictive 

of university GPA at two different time points: end of first 60 hours and cumulative program 

completion GPA.  In addition, multiple regression was used to compare the predictability of 

person ability estimates to the ability of commonly used SAT and ACT scores to this same end.  
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Details regarding the steps and formula associated with multiple regression as an analysis can be 

found in the description of Stage 2 below. 

 

Stage 2 

The research question associated with Stage 2 of the model was: Do pre-admission, pre-

program, and program variables predict success on TExES PPR Certification Exams among pre-service 

teachers based on institution type? 

Stage 2 of the model was carried out in a series of regression analyses using pre-

admission and undergraduate program variables to predict whether or not a student will be 

successful on TExES examinations.  Both multiple regression and logistic regression were 

compared to determine which approach was a better tool for prediction purposes.  Multiple 

regression can be used used to examine the relationship between several independent variables 

(IVs) and a single continuous dependent variable (DV) (Pedzahur, 1997).  For this research 

question, multiple regression was used to predict the continuous outcomes on TExES 

examinations.  Although there were concerning statistical issues associated with multiple 

regression as it utilizes ordinary least squares (OLS) in its calculations as mentioned in Chapter 

2, this study examined the utility of multiple regression in the context of predicting TExES PPR 

outcomes on a single test administration using teacher preparation course sections collectively, 

and not at the course section level. 

The general formula for least squares or ordinary least squares regression with one 

predictor is as follows, where a is a constant, b represents slope (regression coefficient or b 

coefficient), and X reflects a value for the IV, or a grade in a teacher preparation program course 

(Pedzahur, 1997):  

   Y^ = a + bX 
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When more than one IV exists, as in the case for this study, the formula is (Pedzahur, 1997):  

   Y^ = a + b1X1 + b2X2 + ... + bpXp.    

Y^ represents the predicted DV value, or the continuous TExES score predicted for each 

pre-service teacher at the time of graduation.  Analyses were run by teacher preparation program 

at each university examining TExES PPR outcomes.  Courses associated with these analyses can 

be found in Appendices C and D.  

Statistics included for interpretation purposes as associated with multiple regression 

analyses initially included bivariate correlations between predictor variables and outcome 

variables, the statistical significance F test, effect size measures R2 and adjusted R2 (Henson & 

Smith, 2000; Vasquez, Gangstead & Henson, 2000).  Examination of beta weights was also 

considered, as well as sample size and power (Cohen, 1988; Thompson, 1992). 

 For logistical regression analyses associated with Stage 2, the purpose was to predict 

whether or not a student pass/fail a given TExES exam.  Preadmission variables were compared 

to teacher preparation course variables to this end.  Teacher preparation course variables were 

entered as categorical predictor variables as recommended by Field (2000).  Logistic regression 

can be used when dichotomous DVs exist, such as the “pass/fail” DV mentioned above.  As with 

linear regression, a relationship between predictor variables and an outcome variable can be 

estimated in logistic regression.  However, in logistic regression, estimates generated reflect the 

probability DVs assume certain values, rather than estimating the actual value itself (Pedzahur, 

1997; Kedem & Fokianos, 2002; Peng & So, 2002, Field, 2000). 

 There are several uses and types of logistic regression. Logistic regression can be used to 

(1) predict a DV on the basis of continuous and/or categorical IVs; (2) estimate the percent of 

variance in the DV explained by the IVs; (3) rank the relative importance of IVs; (4) to 
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examine/assess interaction effects as well as the impact of covariates (Pedzahur, 1997; Stevens, 

2002; Peng & So, 2002, Field, 2000).  For this part of the study, ordinal logistic regression was 

used because it is a preferred logistic method of choice due to the rank order nature of the 

“pass/fail” DV. 

 Further, logistic regression does not use OLS, but uses maximum likelihood estimation 

instead as its statistical significance test.  Maximum likelihood estimation is the process by 

which logistic regression answers the question, “What is the likelihood, given our model, that 

one will observe a particular set of data?”   A logit (Ө) is a log of odds where odds are a function 

of the probability of group membership.  Because Ө is ultimately unknown, estimates (Ө^) can 

be generated reflecting these predicted probabilities (Pedzahur, 1997; Stevens, 2002).  Maximum 

likelihood estimation is an iterative algorithm beginning with a "guesstimate" of what 

unstandardized logit coefficients should be.  This step is similar to calculations of principal 

component analysis.  This first step is to determine the direction and size of change in the logit 

coefficients that increase the log likelihood. Once an initial function is estimated, residuals are 

used to repeat the process until convergence is reached.  This second part of the process is 

similar to subsequent iterations conducted in factor analysis. The conceptual formula for logistic 

regression involves predicting logit, or log of odds, where odds are a function of the probability 

of group membership (i.e., passing group or failing group): 

Logit[Ө (x)] = log[Ө(x)/1- Ө(x)] = a + ß1x1 + ß 2x2 + ... + ß pxp.    

The Chi-Square statistical significance statistic, its associated p-values, and changes in 

the odds ratios between the intercept only model and the model with variables were included for 

examination in logistic regression analyses in this study (Peng & So, 2002; Field, 2000).  Had 
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these been found noteworthy, effect size measures and standardized weights would have also 

been examined.   

 

Stage 3 

The research question associated with the final stage of this model was:  Do pre-

admission, pre-program, program, and certification variables predict career choice years beyond 

initial certification based on institution type?  Logistic regression was used to predict career 

choice for years 1 and 2 beyond undergraduate program completion.  Course level data wa used 

as categorical predictors of career choice. Career choice for which documentation existed beyond 

graduation was limited.  Specifically, data regarding whether or not program completers secured 

teaching jobs or continued on to graduate school were utilized as career choices to this end. 

  

Threats to Validity 

 Internal Validity 

Campbell (1963) and Campbell and Stanley (1969) identified nine possible sources of 

internal threats to validity as they relate to research design.  A model is internally valid to the 

extent it reveals relationships between variables.  Discussion of the ways possible threats to 

internal validity were addressed as they relate to this study included selection, history, and 

maturation.  To avoid selection as a potential threat to internal validity, this study included entire 

populations of program completers from Private University and Public University for the 2005-

2006 academic years and made generalizations to those populations.  In order to address the 

potential threat of history as resulting from individual backgrounds interfering with outcomes, 

high school course grades and pre-admission exam scores such as ACT or SAT, were included in 
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this study.  Although these variables are not exhaustive of the types of background differences 

that can exist, they address history in a manner which the literature previously has not.  Finally, 

maturation was explored in Stage 1 by comparing how much variance ability estimates and 

SAT/ACT scores account for regarding undergraduate GPA on the first 60 hours to cumulative, 

final undergraduate GPA.  It was expected ability estimates and SAT/ACT scores would be more 

predictive of GPA on the first 60 hours than of cumulative, final undergraduate GPA. 

 

 External Validity 

External validity refers to the extent to which a study can be generalized beyond a sample 

(Gall, Borg, & Gall, 1996).  There are two types of external validity: population and ecological.  

The element of external validity as believed to potentially impact this study only included 

population validity, which refers to the extent to which a study can be generalized beyond the 

sample from which data is taken.  This model makes no claim to be a “one size fits all” and 

specifically states results can only be specifically generalized to the universities from which data 

is collected.  Population validity is discussed in greater detail in Section 3 of Chapter IV. 

 

Summary 

 The purpose of this chapter was to highlight statistical issues of concern when model 

development was conceptualized; to provide an overview of the model by stage; to discuss the 

population, sample, and variables proposed to be included in the model; to explain specific 

stages of model implementation; to elaborate on rationales for analyses chosen; and to present 

potential threats to internal and external validity.   
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CHAPTER IV 

RESULTS 

The purpose of this study was to propose a quantitative model to quantitatively linking 

high school, college, and TExES certification exam variables to K-12 outcomes. This model was 

in three stages: (1) ability estimates were generated and evaluated using high school variables 

and subsequently were used to predict cumulative undergraduate GPA; results were validated by 

comparing them to SAT/ACT scores as predictors of GPA; (2) TExES PPR outcomes were 

predicted based on high school variables, pre-program undergraduate variables, and teacher 

preparation program variables; (3) career choice was predicted based on teacher preparation 

program variables and TExES outcomes.  See Appendices E and F for a visual regarding 

associated stages, steps, and analysis sets. Private and Public University results are discussed 

independently.  This chapter concludes with a summary. 

 

Private University: Stage 1 

 The research question associated with Stage 1 was:  Which pre-admission characteristics 

and pre-program variables are most influential in generating ability estimates, and are those 

ability estimates predictive of teacher preparation program completion GPA?   Stage 1 of the 

model is carried out in four main steps for Private University.   

 

Stage 1: Private University: Step 1 

High school transcripts were available for examination from 46 of the 61 EC-4 program 

completers at Private University. High school courses were included for examination from the 

following content areas: English, mathematics, science, and social studies.  See Appendix B for 
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an exhaustive list of high school courses.  Most high school transcripts reported numeric grades.  

Transcripts reporting numeric grades were converted to categorical grades as:     A = 100-90, B = 

89.9-80, C = 79.9-70, D = 69.9-60, and F = < 59.9. High school GPA as reported on transcripts 

was not utilized as some schools reported a percentage average for GPA as some schools 

reported GPA on a 5.0 scale while others reported cumulative GPA on a 4.0 scale. 

 

Stage 1: Private University: Step 2 

The research question associated with Stage 1 was approached by comparing the 

predictability of high school ability estimates to the predictability of college entrance exams on 

undergraduate teacher preparation program completion GPA.  First, high school course grades 

were collected and aggregated from official transcripts.   

Table 5 
 
Descriptives for High School Course Variables            
  
 High School Course       N     Mean Skewness Kurtosis 
            Government (hsgovt)      35  89.6143    .514 .443 
 Geography (hsgeog)      30  90.0167    .548 .420 
 English 1 (hseng1)      46  88.3152    .413 .117 
 English 2 (heeng2)      46  88.6957    .316 .644 
 English 3 (hseng3)      44  89.1023    .030 .875 
 English 4 (hseng4)      39  89.2308    .661 .246 
 Algebra 1 (hsalg1)      43  87.3837    .463 .688 
 Algebra 2 (hsalg2)      45  86.2778 .458 .611 
 Geometry (hsgeom)      42  86.2381    .284 1.157 
 Trigonometry (hstrig)        7  92.8571  1.760 2.361 
 Calculus (hscalc)             27  88.0185    .576 .520 
 Physical Sci. (hsphysci)   21  89.4048  1.220 1.342 
 Chemistry (hschem)      44  87.2500    .485 .807 
 Physics (hsphys)              23  89.2174    .395 .789 
 Biology (hsbiol)      45  87.1333    .479 .547 
 Physiology (hsphysio)        4  81.7500    .193 1.521 
 U.S. History (hsushist)    46  88.7717    .653 .809 
 World History (hswhist)  41  89.0244    .549 .469 
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Descriptives were generated on selected high school course variables for the EC-4 

students attending Private University. Table 5 above displays descriptives in the form of total N, 

averages, skewness, and kurtosis values for each of the associated high school course variables 

under consideration.  

The variables of hstrig and hsphysio were dropped from further analysis due to small n.  

To address IRT’s assumption of unidimensionality, principal components analysis (PCA) was 

conducted on the remaining fourteen variables using SPSS and Varimax with Kaiser 

Normalization rotation.  Again, PCA was utilized because the goal for this task was primarily to 

account for variance, not to identify latent traits.  Two components resulted: the first carried an 

eigenvalue of 9.013, accounting for 53.34% variance; and the second carried an eigenvalue of 

6.99, accounting for 43.67% variance.  These accounted for 97.01% of total variance.  

Table 6 
 
PCA1: Rotated Component Matrix: Varimax Rotation with Kaiser Normalization                                  
   
High School Course Component 1 Component 2 
Government (hsgovt) .907 -.421 
Geography (hsgeog) .907 -.076 
English 1 (hseng1) .962 .271 
English 2 (heeng2) .912 .410 
English 3 (hseng3) .686 -.728 
English 4 (hseng4) .753 .659 
Algebra 1 (hsalg1) .369 .930 
Algebra 2 (hsalg2) -.547 .837 
Geometry (hsgeom) .101 .995 
Calculus (hscalc) -.063 .998 
Physical Science (hsphysci)   .270 .963 
Chemistry (hschem) .103 -.995 
Physics (hsphys) .995 -.101 
Biology (hsbiol) .993 .121 
U.S. History (hsushist) .656 .755 
World History (hswhist) .996 .089 

Note. Extraction method: principal component analysis; rotation method: varimax with Kaiser normalization. 
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Variables loading on the Component 1 were: hseng1, hseng2, hseng4, hsphys, hsbiol, 

hswhist, hsgeog, and hsgovt.  Variables loading on the Component 2 were: hsalg1, hsalg2, 

hsgeom, hscalc, hsphysci, hschem.  Variables loading relatively equal in both components were 

subsequently eliminated from further analyses: hseng3, hseng4 and hsushist. Table 6 above 

presents the first rotated pattern matrix.   

 A second PCA was run using only the variables which weighted heavily only on one 

component (i.e., > .600 on one and < .500 on the other).  Again, two components  

resulted: the first component carried an eigenvalue of 7.180, accounting for 55.23% of variance; 

and the second component carried an eigenvalue of 5.820, accounting for 44.77% of variance.  

Collectively, these two components accounted for 100% of the variance among the 14 high 

school variables.  The resulting scree plot associated with this analysis can be found in Figure 2. 

     
Figure 2. Scree plot outlining components associated with high school course grades. 
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Variables loading on the Component 1 were: hseng1, hseng2, hsphys, hsbiol, hswhist, 

hsgeog, hegovt.  Variables loading on the Component 2 were: hsalg1, hsalg2, hsgeom, hscalc, 

hsphysci, hschem.  Table 7 presents the rotated pattern matrix with Kaiser Normalization 

associated with this second PCA analysis. Although the purpose of these analyses was not to 

identify latent traits, for conceptual purposes Component 1 was labeled and referenced as 

“verbal” and Component 2 was labeled and referenced as “analytic.” 

Table 7 
 
PCA2: Rotated Component Matrix: Varimax Rotation with Kaiser Normalization                        
   
 High School Course Component 1 Component 2 
 Government (hsgovt) .907 -.421 
 Geography (hsgeog) .997 -.076 
 English 1 (hseng1) .962 .272 
 English 2 (heeng2) .912 .410 
 Algebra 1 (hsalg1) .369 .930 
 Algebra 2 (hsalg2) -.547 .837 
 Geometry (hsgeom) .101 .995 
 Calculus (hscalc) -.063 .998 
 Physical Science (hsphysci)   .269 .963 
 Chemistry (hschem) .104 -.995 
 Physics (hsphys) .995 -.101 
 Biology (hsbiol) .993 .121 
 World History (hswhist) .996 .089 

Note. Extraction method: principal component analysis; rotation method: varimax with Kaiser normalization. 
 
 

Missing data for the remaining 13 variables were imputed using a maximum likelihood 

replication algorithm in SAS, and continuous values for course grades were converted to 

categorical outcomes on a 4 point scale in preparation for the generation of IRT ability estimates 

(i.e., a grade of 88 for a particular course became a 3.0).  MPlus was utilized to generate 

adjusted, standardized verbal and analytic ability estimates.  Ability estimates were generated for 

each person in the early childhood program at Private University and interpreted in a similar 

fashion as was done in Young’s (1990) research.  These ability estimates were retained in the 
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EC-4 dataset to used as independent variables for Stage 1: Step 3 of the model. 

 

Stage 1: Private University: Step 3 

Multiple regression was used to determine which high school variables were predictive of 

program completion GPA.  Two sets of three regression analyses were conducted: the first set 

included analyses of GPA on the first 60 hours of undergraduate studies and the second set 

examined whether or not high school variables are predictive of cumulative GPA.  Within each 

set the following three analyses were conducted: first, high school ability estimates were used as 

predictors; second, SAT verbal and math scores were predictors; and third, ACT English, math, 

reading, and science scores were predictors. Normality, number of variable selection, and 

multicollinearity were considered while conducting analyses (Field, 2000).  Descriptives found 

in Table 8 show all high school variables were relatively normally distributed, possessing 

skewness and kurtosis values between -1 and +1, with the exception of ACT math scores.   

Table 8 
 
Pre-Admission Descriptives for Private University Stage 1 Variables    
                                                            

Variable N Mean Skewness Kurtosis 
   Analytic 43 0.000 -.334 .811 
   Verbal 43 0.000 .006 -1.206 
   SAT Verbal 36 545.000 .633 1.041 
   SAT Math 36 540.000 .305 -.747 
   ACT English 33 23.697 .463 -.414 
   ACT Math 33 28.546 5.640 32.173 
   ACT Reading 33 23.849 .433 .014 
   ACT Science 33 22.455 .947 1.038 

 

In addition, correlations among the high school pre-admission variables of SAT Math, 

SAT Verbal, ACT English, ACT Math, ACT Reading, ACT Science as well as correlations with 
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cumulative, program completer GPA were examined as associated with Stage 1 for Private 

University.   A correlation matrix associated with these variables can be found in Table 9. 

Table 9 
 
Correlations Between Pre-admission Variables and Program Completion GPA 
           

 Analytic Verbal SAT 
Math 

SAT 4 
Verbal 

ACT 
English 

ACT 
Math 2

ACT 
Reading 

ACT 
Science 

Final 
GPA4 

Analytic 1.00         
Verbal .000 1.00        
SAT  
Math .444** -.197 1.00 .404(*) .517(**) .172 .279 .627(**) .194 

SAT  
Verbal -.096 .216 .404* 1.00      

ACT English .102 .056 .517** .695** 1.00 -.122 .642(**) .606(**) .362(*)
ACT  
Math .398* -.234 .172 -.002 -.122 1.00    

ACT 
Reading .210 .172 .279 .825** .642** .114 1.00 .595(**) .448(*)

ACT 
Science .116 .196 .627** .698** .606** -.044 .595** 1.00  

Cumulative 
GPA .194 .173 .194 .566** .362* .185 .448* .200 1.00 

** Correlation is significant at the 0.01 level (2-tailed); *Correlation is significant at the 0.05 level (2-tailed). 
 

Set One 

In assessing the predictability of the first 60 hour GPA of undergraduate work, three 

analyses were conducted.  In the first regression analysis, high school verbal ability estimates 

and high school analytic ability estimates were used as predictors of GPA on the first 60 hours of 

undergraduate work.  Similar to insignificant bivariate correlations between ability estimates and 

GPA on first 60 hours of coursework, this regression indicated a relationship that was not 

statistically significant, F (2, 38) = 1.872, p > .05.  These insignificant results were hypothesized 

to be primarily attributed to measurement error associated with students attending different high 

schools and taking coursework from different high school teachers using different textbooks and 
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approaches to teaching. Another possible contributor to these findings could stem from ability 

estimates being generated from categorical variables instead of continuous variables. This 

finding mirrored and supported those of Young regarding humanities coursework (1990). 

Second and third analyses utilized all SAT domain scores in one analysis and all ACT 

domain scores for the other analysis due to fact that students generally took one, but not both, of 

these pre-college admission exams. In the second analysis, SAT verbal and SAT math variables 

were predictors of GPA on the first 60 undergraduate hours.  Regression indicated a strong fit 

(R2
adj = .350) with on overall relationship statistically significant, F (2, 32) = 10.145, p < .01.  

Table 10 
 
Private University: Regression Coefficients and Confidence Intervals for SAT Verbal and SAT 
Math as Predictors of First 60 Hours GPA 
 

95% Confidence Interval for β 
Variable b β t Sig. 

Lower Bound Upper Bound 

SAT Math .000 .081 .562 .578 -.001 .002 
SAT Verbal .004 .596 4.148 .000 .002 .006 

Note.  F (2, 32) = 10.145, p < .01, R2 = .388, R2
adj  = .350    

 
 

Table 10 displays results. Although both SAT verbal and SAT math possessed 

statistically significant bivariate correlations with GPA on first 60 hours of undergraduate 

coursework, SAT verbal (r = .618, p < .01) carrie substantially more weight than SAT math (r = 

.404, p < .05) in this regression analysis, possessing a standardized β of .596.  SAT math 

received little credit to this end (β = .081). 

In the third analysis, all ACT variables were examined collectively: ACT English, ACT 

reading, ACT math and ACT science.  Results were statistically insignificant, F (4, 26) = 2.356, 

p > .05.  Additional details regarding results from this analysis can be found above in Table 11. 
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Table 11 
 
Private University: Regression Coefficients and Confidence Intervals for ACT domain scores as 
Predictors of First 60 Hours GPA 
 

95% Confidence Interval for β 
Variable b β t Sig. 

Lower Bound Upper Bound 

ACT English .018 .144 .653 .519 -.038 .074 
ACT Math .001 .129 .748 .461 -.003 .006 
ACT Reading .038 .436 1.972 .059 -.002 .077 
ACT Science -.014 -.103 -.507 .616 -.069 .042 

Note. F (4, 26) = 2.356, p = .079, R2
adj = .149 

 
Further, when examining bivariate correlations between GPA on first 60 hours, only ACT 

reading possessed a statistically significant correlation (r = .488, p < .01).  In cases where 

students took both ACT and SAT exams, the subtests of SAT verbal and ACT reading were able 

to collectively account for 39% of the same variance, F (2, 21) = 8.768, p < .01.  Further, in this 

equation, SAT verbal carried a standardized β of .630 while ACT reading possessed a 

standardized β of .044.  Given these results, SAT verbal scores appeared to be the single most 

practical instrument to use to predict GPA on the first sixty hours of undergraduate studies. 

 

Set Two 

Because verbal-type variables correlated significantly with program completion GPA for 

both SAT and ACT variables, three analyses were conducted: (1) one assessed the utility of 

considering only SAT verbal scores independently to predict cumulative, program completer 

GPA, and (2) one assessed the utility of considering ACT reading and ACT English scores to 

predict cumulative, program completer GPA, and (3) one assessed the utility of collectively 

considering ACT and SAT verbal-type subtests. 

Because only one predictor was associated with the first analysis, regression was not 



 
 

 60

conducted. Instead, the SAT verbal correlation (r = .566, p < .01, n = 35) was squared as a 

variance accounted for statistic in order to predict SAT verbal’s ability to predict final, 

cumulative GPA.  SAT verbal scores were reported to predict 32% of variance associated with 

cumulative GPA.  

In the second analysis, bivariate correlations of ACT subtests with cumulative GPA were 

considered prior to running regression.  ACT reading and ACT English were the only subtests 

possessing statistically significant correlations with cumulative GPA and were included in this 

analysis.   Regression indicated a moderate effect (R2
adj = .162) with the overall relationship 

statistically significant, F (2, 28) = 3.993, p < .05.    In this analysis, ACT reading scores 

(standardized β = .358) carried more weight than ACT English scores (standardized β = .153).  

Multicolliniarity was hypothesized as a possibility for this discrepancy.  See results in Table 12. 

Table 12 
 
Private University: Regression Coefficients and Confidence Intervals for ACT English and 
Reading Scores as Predictors of Cumulative GPA 
 

95% Confidence Interval for β 
Variable b β t Sig. 

Lower Bound Upper Bound 

ACT English .013 .153 .759 .454 -.023 .049 
ACT Reading .022 .358 1.774 .087 -.003 .046 

Note.  F (2, 28) = 3.993, p = .029, R2
adj = .162 

 
 

To assess the collective SAT verbal, ACT English, and ACT reading subtest 

predictability of cumulative GPA, regression revealed statistical significance, F (3, 20) = 4.959,  

p < .01, and a large effect (R2
adj = .331).  However, in this analysis SAT verbal scores were most 

influential (β = .556), with ACT scores contributing little to the equation, if at all (actread β = 

.112; acteng β = -.022).  Table 12 outlines greater detail.  Thus, as with predicting GPA on the 

first 60 hours of undergraduate studies, SAT verbal scores were found to be the most practical 
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tool to this end.  Additional information can be found in Table 13. 

Table 13 
 
Private University: Regression Coefficients and Confidence Intervals for ACT English and SAT 
verbal scores as Predictors of Cumulative GPA 
 

95% Confidence Interval for β 
Variable b β t Sig. 

Lower Bound Upper Bound 

ACT English .002 .556 1.871 .075 .000 .005 
ACT English -.002 -.022 -.103 .919 -.038 .034 
ACT Reading .007 .122 .443 .663 -.026 .039 

Note.  F (3,20) = 4.959, p = .009, R2
adj = .331 

 
 

Stage 1: Private University: Step 4 

Because SAT verbal scores appeared to be the single most important pre-admission 

variable associated correlated with cumulative GPA for the EC-4 group, correlations between 

SAT verbal and 4-8, 8-12, and EC-12 programs were examined as well. Results indicated that 

across programs and universities SAT scores are strongly predictive of cumulative GPA upon 

program completion, with SAT verbal scores being more predictive than SAT math scores.  

Table 14 outlines results from these final OLS analyses. 

Table 14 
 
Private University Bivariate Correlations Between SAT Verbal and Cumulative GPA by 
Program 
             
Program   N     r            r2    Sig.              

EC-4   46  .566**  .320    .002   
    4-8   20  .550*  .303  <.001 
     8-12   21  .661**  .437    .004   
    EC-12   32  .571**  .326  <.001   
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Public University: Stage 1 

Stage 1: Public University: Step 1 

Stage 1 of the model was carried out in only one step at Public University.  Because high 

school transcript data were unavailable for Public University programs, only the relationships 

between the pre-admission variables of SAT and ACT were examined in conjunction with 

program completion GPA.  Partial SAT and ACT information was available, but only for EC-12 

program completers. Specifically, SAT verbal, SAT math, and ACT composite scores were 

available for EC-12 program completers. Associated descriptives can be found in Table 15. 

Table 15 
 
Public University: EC-12 Program:  Stage 1 Descriptives 
 

Variable N Mean Skewness Kurtosis 

SAT Verbal 67 543.58 .249 .296 
SAT Math 67 541.04 .003 .700 
ACT Composite 39 22.13 .054 1.025 
Cum GPA 103 3.328 3.484 18.365 
       

EC-12 program completers from Public University generally took either the SAT or the 

ACT, but not both.  As such, these exams were considered separately.  Regarding the twenty-five 

ACT composite scores for which there were also cumulative GPA values available, there was a 

statistically significant correlation with cumulative GPA (r = .557, p < .01).  Because only 

composite ACT scores were available, it was not possible to examine ACT English and ACT 

reading. 

ACT composite, SAT verbal and SAT math score variables possessed acceptable 

skewness and kurtosis values.  Grade inflation was evident in cumulative GPA (skewness = -
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3.484).  Correlations between SAT, ACT and cumulative GPA variables can be found in Table 

16. 

Table 16 
 
Public University: EC-12 Program: Correlations between Pre-admission and Cumulative  
GPA 
         
 Cum 

GPA 
SAT 

Verbal 
SAT 
Math 

ACT 
Composite 

Cum. GPA 1.00    
SAT Verbal .464** 1.00   
SAT Math .399** .573** 1.00 .722(**) 
ACT Composite .557** .667** .664** 1.00 

Note. **Correlation is significant at the 0.01 level (2-tailed). 
 

Table 17 
 
Public University: EC-12 Program: Regression Coefficients and Confidence Intervals For SAT 
Verbal and SAT Math as Predictors of Cumulative GPA 
 

95% Confidence Interval for β 
Variable b β t Sig. 

Lower Bound Upper Bound 

SAT Verbal .002 .351 2.409 .019 .000 .004 
SAT Math .001 .192 1.319 .192 -.001 .004 

Note.  F (2, 54) = 8.667, p < .01, R2
adj  = .220 

 

Multiple regression was then conducted to examine the relationship between SAT verbal, 

SAT math, and cumulative GPA at Public University for the EC-12 program.  Regression 

indicated a statistically significant relationship existed between these variables, F (2, 54) = 

8.667, p < .01, with SAT verbal and SAT math scores accounting for roughly 21% of the 

variance associated with cumulative GPA outcomes.  SAT verbal scores were more influential in 

this equation, carrying a standardized β of .351 (β = .002, CI = .000-.004).  However, it should 

be noted that multicollinearity existed between predictor variables.  In fact, SAT verbal and SAT 
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math scores were not only positively correlated (p < .01) with each other but also with 

cumulative GPA outcomes (p < .01).  Additional results from these analyses can be found in 

Table 17. 

 
 

Private University: Stage 2 

The purpose of Stage 2 of the model was to use pre-admission and undergraduate 

program variables in predicting whether or not a student would be successful on TExES 

examinations.  The research question associated with Stage 2 was:  Do pre-admission, pre-

program, and program variables predict success on TExES PPR Certification Exams among pre-

service teachers based on institution type? 

Both multiple regression and logistic regression were utilized and compared in an attempt 

to determine which approach was a better tool in predicting both specific certification exam 

outcomes as well as the likelihood of success on certification examinations.  Multiple regression 

was used to predict anticipated continuous TExES outcomes, whereas logistic regression was 

utilized to predict the likelihood students will pass or fail TExES examinations.  At Private 

University, SAT scores, first 60 hour undergraduate GPA, individual teacher preparation course 

grades and cumulative GPA were predictors to this end. 

 

Stage 2: Private University: Step 1 

 The first step in approaching the research question associated with Stage 2 was to 

determine which program courses were most predictive of TExES PPR outcomes.  Descriptives 

were initially conducted on all teacher preparation course level data to determine the breakdown 

of grades by course.  The EC-4 program provides theory, content and pedagogy courses to its 
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students, and, as a result may be considered more broad in terms of delivery than 4-8, 8-12, and 

EC-12 programs which provide only theory and pedagogy courses.  Students in 4-8, 8-12 and 

EC-12 programs take content specialization courses outside of the College of Education.  Table 

18 shows coursework and grades earned at Private University in teacher preparation courses.  

Table 18 

Grade Distributions in Teacher Preparation Courses at Private University     

Grade Awarded Program/ Course N 
A B C D F Pass 

EDUC 20003 103 83 19 1 * * * 
EDUC 30113 93 80 13 * * * * 
EDUC 30143 91  59 28 4 * * * 
EDUC 30123 117  79 36 2 * * * 

Courses 
Taken in All 
Programs 

EDSP 30603 124  99 24 1 * * * 
EDEC 30001 41 * * * * * 41 
EDEC 30014 41  31 9 1 * * * 
EDEC 30023 41    38 3 * * * * 
EDEC 30033 41  24 17 * * * * 
EDEC 30103 36  23 13 * * * * 
EDEC 30143 18  16 2 * * * * 
EDEC 30203 38  38 * * * * * 
EDEC 30213 38  30 8 * * * * 
EDEC 30223 38  34 4 * * * * 
EDEC 30233 23   19 4 * * * * 
EDEC 30234 38  36 1 1 * * * 
EDEC 40013 3  2 1 * * * * 
EDEC 40023 3  3 * * * * * 
EDEC 40033 2  2 * * * * * 
EDEC 40133 3  3 * * * * * 
EDEC 40154 3  3 * * * * * 
EDEC 41103 32  26 4 2 * * * 
EDEC 41113 41  39 1 1 * * * 
EDEC 41123 36   34 2 * * * * 
EDEC 41143 27  26 1 * * * * 
EDEC 41153 41  37 4 * * * * 
EDEC 42213 41  27 14 * * * * 
EDEC 42223 25  21 4 * * * * 
EDEC 42233 3  2 1 * * * * 

EC-4 
Certification 

EDEC 42236 33 * * * * * 33 
 

(table continues) 
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Table 18 (continued). 
 

Grade Awarded Program/ Course N 
A B C D F Pass 

EDMS 30001 21 * * * * * 21 
EDMS 30013 21  18 3 * * * * 
EDMS 31063 1  1 * * * * 
EDMS 40213 18 16 1 1 * * * 
EDMS 40633 1 1 * * * * * 

4-8 
Certification 

EDMS 40980 17 * * * * * 17 
EDSE 30001 45 * * * * * 45 
EDSE 30013 47   40 6 1 * * * 
EDSE 30153 3  2 1 * * * * 
EDSE 30163 4  1 2 1 * * * 
EDSE 40213 42  31 9 1 1 * * 
EDSE 40980  
(8-12 only) 19 * * * * * 19 

EDSE 50023 6  6 * * * * * 
EDSE 50663  
(8-12 only) 29  20 8 1 * * * 

8-12 
Education & 
EC-12 
Certification 

EDUC 40966  
(EC-12) 30 * * * * * 30 

Note. *denotes no data reported. 
 

Set One: Private University EC-4 Program Course Variable Analyses 

EC-4 coursework is blocked at Private University, and students take specific courses each 

semester.  Blocks are known as: Junior1 (first semester of junior year), Junior2 (second semester 

of junior year), Senior1 (first semester of senior year) and Senior2 (second semester of senior 

year).  EC-4 students specialize in either English as a Second Language (ESL) or Special 

Education (EDSP). Blocks were analyzed collectively for two reasons: (a) professors teaching in 

blocks often communicated with one another and coordinated or overlapped syllabi from 

different courses, and (b) blocked courses were considered complete sets of courses by university 

administration.  A series of multiple regression analyses were conducted as follows: first, by 

blocked semester to narrow down preliminarily predictive coursework variance by program; 
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second, preliminarily predictive coursework variables were used to determine which courses, 

overall, were most predictive of TExES EC-4 PPR outcomes.  Correlations between courses 

recording letter grades (i.e., not pass/fail) and with n > 10 reported are found in Table 19. 

Table 19 

Correlations between Private University Coursework and TExES EC-4 PPR Outcomes for EC-
Program Completers 

Course r  Course r 
EDSP 30243 -.102  EDUC 20003 .323* 
EDSP 30603 .407**  EDUC 30123 .690** 
EDSP 40243 .349  EDUC 30143 .080 
EDEC 30014 .567**  EDEC 30023 .504** 
EDEC 30033 .185  EDEC 30103 .670** 
EDEC 30143 .418  EDEC 30213 .548** 
EDEC 30223 -.023  EDEC 30233 .694** 
EDEC 30234 .404*  EDEC 41113 .296 
EDEC 41123 .356*  EDEC 41153 .243 
EDEC 42213 .448**  EDEC 42223 .654** 
EDEC 41103 .328  EDEC 41143 .444* 

              
 
Courses reporting less than ten grades were excluded and normality was considered.  

Although OLS regression is quite robust to violations of the assumption of normality due to 

grade inflation (Field, 2000), variables reporting skewness greater than +3.0 or smaller than -3.0 

were also excluded from further examination due the small population sizes associated with 

Private University programs (see Table 20). 

Table 20 

Private University: Skewness and Kurtosis Statistics by Program and Blocked Semester 

  Skewness Kurtosis 
EDEC 30103: Intro to Early Child Ed -.604 -1.735 
EDUC 30143: Child & Adoles. Development -1.343 1.036 

ESL & SPED 
Sophomore 
Prerequisites EDUC 20003: CI: Teaching & Learning -2.333 5.141 

EDEC 30014: Thinking: Science -1.695 2.168 
EDEC 30023: Thinking: Math -.360 -1.969 

ESL & SPED 
Junior Block 1 

EDUC30123: Educational Psychology -2.481 4.359 
 

(table continues) 
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Table 20 (continued). 
 

  Skewness Kurtosis 
EDEC 30223: Lang & Lit: Elementary -2.679 5.464 
EDEC 30213: Lang & Lit: Early Literacy -1.479 .195 
EDEC 30203: Math in Elementary School 0.000 0.000 

ESL Junior 
Block 2 

EDEC 30234: Social Studies -4.850 24.248 
EDSP 30243: Promoting Success in SPED -4.000 16.000 
EDEC 30223: Lang & Lit: Elementary -2.679 5.464 
EDEC 30213: Lang & Lit: Early Literacy -1.479 .195 
EDEC 30203: Math in Elementary School 0.000 0.000 

SPED Junior 
Block 2 

EDEC 30234: Social Studies -4.850 24.248 
EDEC 30001: Prof. Practice Seminar 0.000 0.000 
EDEC 41103: Assessment -2.254 4.259 
EDEC 41113: Foundations -5.047 26.197 
EDEC 41123: Families -4.051 15.260 
EDEC 41143: Management -5.196 27.000 

ESL & SPED 
Senior Block 1 

EDEC 41153: Practicum -2.817 6.236 
EDEC 42213: Induction: Diverse Learners -.694 -1.598 
EDEC 42236: Induction: Internship 0.000 0.000 

ESL Senior 
Block 2 

EDEC 42223: Induction: ESL -1.975 2.061 
EDEC 42213: Induction: Diverse Learners -.694 -1.598 
EDEC 42236: Induction: Internship 0.000 0.000 

SPED Senior 
Block 2 

EDSP 40243: Induction: SPED Application .279 -2.219 
   

Once courses with large amounts of grade inflation and small course numbers were 

removed from examination of the available Private University courses, multiple regression 

analyses were run by examining blocked courses from individual semesters.  The sophomore, 

EC-4 Junior 1, EC-4 Junior 2 ESL, EC-4 Junior 2 EDSP, and EC-4 Senior 2 ESL semester 

blocks all reported statistically significant findings and large effect size measures, with 

individual blocks reportedly accounting for 0-62% of the variance associated with TExES EC-4 

PPR outcomes.  Tables 21-27 report multiple regression outcomes resulting from the 

examination these semester blocks.   

 
 



 
 

 69

Table 21 

Private University EC-4 Program: Block Course Predictors of Scaled TExES PPR Outcomes: 
ESL/SPED Sophomore Prerequsites 

95% Confidence Interval for β 
Semester Set b β t Sig. 

Lower Bound Upper Bound 

EDEC 30103 18.433 .577 2.926 .014 4.567 32.300 
EDEC 30143 18.667 .309 1.689 .119 -5.657 42.990 
EDUC 20003 13.667 .226 1.237 .242 10.657 37.990 

Note.F (3, 10) = 8.708,  p < .01, R2 = .704,  R2
adj  = .623 

 

Table 22 

Private University EC-4 Program: Block Course Predictors of Scaled TExES PPR Outcomes: 
ESL/SPED Junior Block 1 

95% Confidence Interval for β 
Semester Set b β t Sig. 

Lower Bound Upper Bound 

EDEC 30014 8.746 .333 2.403 .022 1.356 16.136 
EDEC 30033 -.625 -.023 -.194 .847 -7.157 5.907 
EDUC 30123 12.936 .452 2.692 .011 3.180 22.692 
EDSP 30603 4.973 .126 .842 .405 -7.012 16.959 

Note.  F (4, 34) = 10.735, p < .001, R2 = .551,  R2
adj  = .500; statistically significant multicollinearity existed between 

all variables 
 
 
Table 23 

Private University EC-4 Program: Block Course Predictors of Scaled TExES PPR Outcomes: 
ESL Junior Block 2 

95% Confidence Interval for β 
Semester Set b β t Sig. 

Lower Bound Upper Bound 

EDEC 30223 -3.056 -.091 -.609 .550 13.559 7.447 
EDEC 30233 16.949 .570 3.540 .002 6.928 26.971 
EDEC 30213 10.449 .352 2.182 .042 .428 20.471 

Note. F(3, 18) = 9.054, p = .001, R2 = .588,  R2
adj  = .523. 
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Table 24 

Private University EC-4 Program: Block Course Predictors of Scaled TExES PPR Outcomes: 
SPED Junior Block 2 

95% Confidence Interval for β Semester Set b β t Sig. 
Lower Bound Upper Bound 

EDEC 30223 -1.650 -.041 -.288 .775 -13.372 9.971 
EDEC 30213 10.449 .352 2.182 .042 .428 20.471 

Note.  F (2, 34) = 7.559 p = .002, R2 = .302,  R2
adj  = .262 

 

Table 25 

Private University EC-4 Program: Block Course Predictors of Scaled TExES PPR Outcomes: 
ESL/SPED Senior Block 1 

95% Confidence Interval for β Semester Set b β t Sig. 
Lower Bound Upper Bound 

EDEC 41103 8.020 .345 1.451 .158 -3.286 19.326 
EDED 41153 -.987 -.025 -.106 .917 -20.098 18.124 

Note.  F (2, 28) = 1.758, df = 2, p = .190, R2 = .108,  R2
adj  = .047; EDEC41103 and EDED41153 were statistically 

significantly correlated (p < .01). 
 

Table 26 

Private University EC-4 Program: Block Course Predictors of Scaled TExES PPR Outcomes: 
ESL Senior Block 2 

95% Confidence Interval for β 
Semester Set b β t Sig. 

Lower Bound Upper Bound 

EDEC 42223 21.012 .654 4.151 <.001 10.539 31.484 

Note.  F (1, 22) = 17.227, p < .001, R2 = .428,  R2
adj  = .403 

 

Table 27 

Private University EC-4 Program: Block Course Predictors of Scaled TExES PPR Outcomes: 
SPED Senior Block 2 

95% Confidence Interval for β Semester Set b β t Sig. 
Lower Bound Upper Bound 

EDEC 42213 -2.333 -.078 -.143 .888 -37.514 32.847 
EDED 41153 12.222 .418 .769 .456 -22.110 46.555 
Note. F (2, 12) = .915, p = .425, R2 = .123,  R2

adj  = -.011; ec42213 and sp40243 were statistically significantly 
correlated (p < .05). 
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Following this, course variables weighing heaviest in these equations and possessing 

standardized β > .3 in statistically significant regression analyses as well as carrying statistically 

significant bivariate correlations with TExES EC-4 PPR outcomes (p < .05) were included in a 

final multiple regression analysis for the EC-4 program overall (n = 46).  There were no 

outstanding discrepancies between bivariate correlations and standardized beta weights, 

suggesting suppressor variables.  Also, although the courses of EDEC 42223 and EDEC 30233 

possessed β > .3 in statistically significant block analyses and were statistically significantly 

correlated with TExES EC-4 PPR outcomes, they were excluded from this final analysis because 

they were ESL specialization courses and not reflective of the greater EC-4 program as a whole.  

Thus, the final analysis utilized EDEC 20003: “Critical Investigations: Teaching,” EDEC 30103, 

“Introduction to Early Childhood Education,” EDUC 30123, “Educational Psychology,” EDEC 

30014, “Science and Mathematical Thinking Through Play and Creativity: Science,” and EDEC 

30213, “Language and Literacy: Early Literacy” as predictors of TExES EC-4 PPR outcomes.  

Results indicated statistical significance, F (5, 25) = 7.360 p < .01, with predictors accounting for 

roughly 51% of the variance associated with TExES EC-4 PPR outcomes.  In this equation, 

EDUC 30103, “Introduction to Early Childhood Education,” and EDUC 30123, “Educational 

Psychology,” were the most influential courses. Confidence intervals were wide, indicating the 

weights could vary greatly.  Table 28 shows results. 

A correlation matrix was generated to elaborate on multicollinearity between variables 

(see Table 29).  A great deal of correlation was found to exist between several of the predictor 

variables.  As such, due to both multicollinearity and large confidence intervals, it was decided 

that, for practicality purposes, Private University’s courses known as EDEC 30103, EDEC 

30014, EDEC 30213, and EDUC 30123 were similarly statistically significantly predictive of 
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TExES EC-4 PPR outcomes.  EDUC 20003 was the only course which did not possess a great 

deal of correlation with other EC-4 courses at Private University. 

Table 28 

Private University EC-4 Program: Primary Overall Course Predictors of PPR Outcomes Final 
Regression 

95% Confidence Interval for β Semester Set b β t Sig. 
Lower Bound Upper Bound 

EDEC 30103 8.816 .339 1.974 .059 .366 17.997 
EDUC 20003 4.853 .140 .935 .358 5.815 15.522 
EDEC 30014 5.212 .207 .905 .374 6.620 17.045 
EDEC 30213 .895 .029 .119 .906 14.586 16.376 
EDUC 30123 7.861 .290 1.738 .094 1.437 17.159 

Note. F (5, 25) = 7.360, p < .001, R2 = .586,  R2
adj  = .506 

 

Table 29 

Correlations between TExES EC-4 PPR Outcomes and Final Analysis Predictors 

 EC-4 
PPR 

EDEC 
30103 

EDEC 
30014 

EDEC 
30213 

EDUC 
30123 

EDUC 
920003 

EC-4 PPR 1.00      
EDEC 30103 .670** 1.00     
EDEC 30014 .567** .376* 1.00 .722(**) .513(**) .302 
EDEC 30213 .548** .492** .722** 1.00   
EDUC 30123 .690** .609** .513** .478** 1.00 .178 
EDUC 20003 .323* .362* .302 .315 .178 1.00 

Note. **Correlation is significant at the 0.01 level (2-tailed); *Correlation is significant at the 0.05 level (2-tailed). 
 
 

Set Two: Private University 4-8 Program Course Variable Analysis 

The 4-8 program at Private University was not a blocked program.  This means students 

received content specialization (i.e., science, social studies, English/language arts, physical 

education, etc.) outside of the College of Education, but took educational theory and pedagogy 

courses within the College of Education in a sequence and at a time of their choosing.  Table 30 
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reports related normality and correlation statistics for courses reporting letter grades of 2005-

2006 program completers as associated with Private University’s 4-8 program (n = 20). 

Table 30 

Private University: 4-8 Program: Descriptives       

                                   
         Course         N  Skewness    Kurtosis       r 
EDUC 30143 Child & Adolescent Dev  15    -1.085    .398   .274     
EDUC 30123 Educational Psychology   18    -2.072         3.849   .492* 
EDUC 20003 CI: Teaching & Learning  20      -.945        -1.242   .409 
EDUC 30113 Intro to Educational Technology 18    -1.461  .137      .328 
EDMS 30013 Prof Roles & Responsibilities  17    -2.610          5.440  -.379 
EDMS 50023 Effective Teaching/Classroom Imp. 18    -1.913          2.444      .540* 
EDMS 40213 Promoting Lit in Content Areas 15    -2.919          8.388      .363 
EDSP 30603 Study of Exceptional Students   19           -1.170 -.718      .176 
EDSP 50663 Motivating & Managing Students 14    -1.303   .951    .335 

Note.  r represents correlation between 4-8 course grades and TExES 4-8 PPR outcomes; * p < .05. 
  

Because courses are not blocked in the 4-8 program (n = 20), only courses possessing 

statistically significant correlations were included as predictors in predicting 4-8 program 

outcomes on TExES 4-8 PPR exams, with normality and course enrollment size being 

considered before conducting regression.  Only courses possessing statistically significant 

correlations with TExES 4-8 PPR outcomes were included in this analysis.  A correlation matrix 

associated with relevant 4-8 program courses and TExES 4-8 PPR outcomes can be found in 

Table 31. 

Table 31 

Correlations Between TExES 4-8 PPR Outcomes and Related Course Variables 

 EDUC30123 EDMS50023 4-8 PPR 
EDUC 30123 1.00   
EDMS 50023 .140 1.00 .376(*) 
4-8 PPR .492* .540* 1.00 

Note. *Correlation is significant at the 0.05 level (2-tailed). 
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The courses EDUC 30123, Educational Psychology (β = .390, CI = -.828 – 10.669), and 

EDMS 50023, Effective Teaching and Classroom Implications (β = .473, CI = .181-9.818), 

collectively accounted for 35% of the variance associated with TExES 4-8 PPR outcomes.  The 

large confidence intervals reflect the small sample size associated with this analysis. Table 32 

outlines additional results associated with this analysis.  

Table 32 

Private University: 4-8 Program: Program Courses as Predictors of TExES 4-8 PPR Outcomes 

95% Confidence Interval for β Semester Set b β t Sig. 
Lower Bound Upper Bound 

EDEC 30123 4.920 .390 20.775 .000 -.828 10.669 
EDMS 50023 4.995 .473 2.241 .043 .181 9.810 

Note. F (2, 12) = 5.093, p = .023, R2 = .439,  R2
adj  = .353 

 
 

Set Three: Private University 8-12 Program Course Variable Analyses 

The 8-12 program at Private University is also not a blocked program.  Table 33 reports 

related normality and correlation statistics for courses reporting letter grades of program 

completers in the 8-12 program (n = 21). 

Table 33 

Private University: 8-12 Program: Descriptives       

  Course                    N  Skewness    Kurtosis       r  
EDUC 30143 Child & Adolescent Dev  16    -1.278    -.440        .144 
EDUC 30123 Educational Psychology   14    -1.566  .501     .328 
EDUC 20003 CI: Teaching & Learning  19    -1.545  .419        .290 
EDUC 30113 Intro to Educational Technology 13      -.946         -1.339       .257 
EDSP 30603 Study of Exceptional Students  18     -1.461  .137        .156 
EDSP 50663 Motivating & Managing Students    8       -.644        -2.240        .438 
EDSE 30013 Prof Roles & Responsibilities  17    -2.610          5.440       -.177    
EDSE 50023 Effective Teaching/Classroom Imp 18    -2.072          3.849      .364 
EDSE 40213 Promoting Lit in Content Areas 18    -2.706          5.977      .359 
Note.  r represents correlation between MS course grades and TExES 4-8 PPR outcomes 
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 As with the 4-8 program, students receive content specialization outside of the College of 

Education, and take educational theory and pedagogy courses within the College of Education.  

Note that none of the courses shared statistically significant correlations with TExES 8-12 PPR 

outcomes.  As such, it was decided that three separate regression analyses are to be carried out 

and organized by course prefix.  All variables were included as none of the courses possessed 

skewness values greater than +3.000 or less than -3.000.  As expected based on individual 

correlations, results indicated none of the course variable sets were statistically significantly 

predictive at the p < .05 level or better regarding TExES SEs PPR outcomes.  In EDUC analysis, 

SPSS automatically rejected EDUC 20003 and EDUC 30143 due to tolerance issues related to 

multicollinearity and retained EDUC 30123 and EDUC 30113.   EDUC and EDSE course sets 

did not generate noteworthy findings. The EDSP course set almost generated a statistically 

significant F value, and carried a large effect. Results are displayed by course set in Tables 34-

36. 

Table 34 

Private University: 8-12 Program: EDUC Courses as Predictors of TExES 8-12 PPR Outcomes  

95% Confidence Interval for β Prefix Set b β t Sig. 
Lower Bound Upper Bound 

EDUC 30123 -9.600 -.404 -.725 .509 -46.388 27.188 
EDUC 30113 21.000 .684 1.228 .287 -26.493 68.493 

Note.  F (2, 3) =.758, p = .526, R2 = .275,  R2
adj  = -.088 

 
 
Table 35 

Private University: 8-12 Program: EDSE Courses as Predictors of TExES 8-12 PPR Outcomes 

95% Confidence Interval for β Prefix Set b β t Sig. 
Lower Bound Upper Bound 

EDSE 30013 -3.638 -.098 -.354 .730 -26.283 19.006 
EDSE 50023 4.489 .143 .497 .629 -15.406 24.385 
EDSE 40213 12.617 .341 1.195 .257 -10.616 35.850 
Note.  F (3, 10) = .865, p = .488, R2 = .191,  R2

adj  = -.030 
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Table 36 

Private University: 8-12 Program: EDSP Courses as Predictors of TExES 8-12 PPR Outcomes 

95% Confidence Interval for β Prefix Set b β t Sig. 
Lower Bound Upper Bound 

EDSP 30603 -16.647 -.792 -2.963 .041 -32.244 -1.050 
EDSP 50663 17.353 .826 3.089 .037 1.756 32.950 

Note. F (2, 3)= 6.471,  p = .056, R2 = .764,  R2
adj  = .646. 

 
 
 Note that valid cases were less than 10 for several analyses, further nullifying results.  As 

such, a correlation matrix was deemed unnecessary to examine multicollinearity issues. 

Set Four: Private University EC-12 Program Course Variable Analyses 

As with 4-8 and 8-12 programs at Private University, students take content specialization 

outside of the College of Education and take educational theory and pedagogy courses within the 

College of Education.  With EC-12 certification, students generally take 8-12 courses.  Before 

running regression analyses, the normality of required theory and pedagogy courses and 

correlations with TExES EC-12 PPR outcomes were examined.  Table 37 reports these statistics 

for 2005-2006 program completers of the EC-12 program. 

Table 37 

Private University: EC-12 Program: Descriptives  

Course                                 N  Skewness      Kurtosis      r   
EDUC 30143 Child & Adolescent Dev  28    -1.111    .363       .125   
EDUC 30123 Educational Psychology   29      -.990 .067       .450* 
EDSP 30603 Study of Exceptional Students  31           -1.266 .757       .242   
EDSE 30013 Prof Roles & Responsibilities   29    -2.442         5.738      .105 
EDSE 40213 Promoting Lit in Content Areas  24    -1.798         3.499      .614**  
EDSE 50023 Effective Teaching/Classroom Imp      27    -1.012           .069  .405*   
Note.  r represents correlation between MS course grades and TExES EC-12 PPR outcomes; *p < .05;  **p < .01 
 
 There were 32 program completers from the EC-12 program in 2005-2006 at Private 

University, and one regression analysis was conducted utilizing only those courses which are 

statistically significantly correlated at p < .05 or better were included.  All variables possess 
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reasonable skewness/kurtosis values. Results found in Table 38 indicate EDUC 30123 (β = .559), 

EDSE 40213 (β = .510), and EDSE 50023 (β = -.059) collectively received the most credit in this 

equation which accounted for 61% of the variance in TExES EC-12 PPR outcomes.  However, 

the large confidence intervals associated with these weights was believed to be directly linked to 

the small population associated with the EC-12 program completers at Private University.  

Table 38 

Private University: EC-12 Program: Education Courses as Predictors of TExES EC-12 PPR 
Outcomes 

95% Confidence Interval for β Prefix Set b β t Sig. 
Lower Bound Upper Bound 

EDUC 30123 13.023 .559 3.190 .006 4.367 21.678 
EDSE 40213 8.785 .510 2.490 .024 1.306 16.263 
EDSE 50023 -1.225 -.059 -.252 .804 -11.536 9.085 

Note. F (3, 15) = 11.086, p < .001, R2 = .675,  R2
adj  = .614 

 

 Set Five: Private University EC-12, 4-8, and 8-12 Program Course Variable Analyses 

Again, 4-8, 8-12, and EC-12 programs receive content outside of the College of 

Education at Private University, and receive educational theory and pedagogy within the College 

of Education.  These students often meet in the same classroom with the same professor for the 

same course, but with a different program (i.e., EDMS 30013 and EDSE 30013).  Ultimately, 

university administrators indicated differences in EC-12, 4-8, and 8-12 courses sometimes exist 

only on paper.  Another similarity between these programs is that all TExES PPR examinations 

cover the same domains and competencies, are written in the same format, and pose similar 

questions.  In order to attempt to address the issue of small sample size and large confidence 

intervals, one final, aggregated analysis was conducted utilizing PPR results from all three 

programs as the dependent variable, and the common courses with statistically significant 

correlations to TExES PPR outcomes associated with 4-8, 8-12, and EC-12 programs as 
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predictors: EDUC 30123 (r = .434, p < .01), and EDSP 30603 (r = .322, p < .01). Results were 

statistically significant, F (2, 55) = 7.987, p < .01, with variables moderately accounting for 

about 20% of PPR variance (R2
adj = .194).  EDUC 30123 (β = .332) weighted heaviest in this 

equation, while EDSP 30603 (β = .256) also contributed.  However, the range in confidence 

intervals did not improve much as a result of aggregating programs. Additional results associated 

with these variables are reported in Tables 39 and 40.  

Table 39 

Aggregated Descriptives for Private University EC-12, 4-8, and 8-12  Common Courses 

Course                                 N  Skewness          Kurtosis   
EDSP 30603 Study of Exceptional Learners  59    -1.310       .614   
EDUC 30123 Educational Psychology   61    -1.395  1.027   
 
Table 40 

Private University: EC-12, 4-8, & 8-12 Programs: EDSP 30603 and EDUC 30123 as Predictors 
of Aggregated TExES PPR Outcomes 

95% Confidence Interval for β Predictor b β t Sig. 
Lower Bound Upper Bound 

EDSP 30603 10.409 .256 2.087 .041 .416 20.402 
EDUC 30123 12.235 .332 2.710 .009 3.192 21.278 

Note. F (2, 55) = 7.987,  p = .017, R2 = .222,  R2
adj  = .194. 

 

Stage 2: Private University: Step 2 

 Logistic regression was intended to be the final step associated with the research 

question of Stage 2.  However, all 2005-2006 program completers in initial teacher preparation 

programs at Private University passed their respective TExES PPR examinations.  In fact, the 

averages for both EC-4 as well as EC-12, 4-8, and 8-12 programs when analyzed separately 

ranged from 267-279, and median values ranged from 269-280 for all programs.   
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Public University: Stage 2 

Stage 2: Public University: Step 1 

The first step in approaching the research question associated with Stage 2 was to 

determine which program variables, or courses, were most predictive of TExES PPR outcomes.  

For Public University, pre-admission SAT scores and teacher preparation course grades were 

predictors to this end.  Descriptives were initially generated and examined using all teacher 

preparation course level data to determine the breakdown of grades by course.  Similar to Private 

University, the EC-4 program as well as the 4-8 program at Public University provides theory, 

content and pedagogy courses to its students, whereas the 8-12 and EC-12 programs only 

provide only theory and pedagogy courses.  Thus, all 8-12 and EC-12 students at Public 

University take content specialization courses (i.e., science, social studies, mathematics, 

English/language arts, etc.) outside of the College of Education.   

Pedagogy course data were not comprehensive for either EC-4 or 4-8 teacher preparation 

programs at Public University, but were more exhaustive for 8-12 and EC-12 teacher preparation 

programs. Table 41 shows data only from reported pedagogy courses and grades earned at Public 

University in teacher preparation courses for 2005-2006 program completers by program area.  

Similar to Private University, Table 41 only reports the highest single grade earned by students 

in these teacher preparation courses for each student at Public University. 

Table 41  

Grade Distributions in Teacher Preparation Courses at Public University 

Grade Awarded Program/ Course N 
A B C D F Pass 

DFST 3123 240 133 78 28 1 * * 
DFEC 4243 244 221 21 1 1 * * 
DFST 4233 232 212 18 2 * * * 

EC-4 
Certification 

EDEE 3320 245 211 26 8 * * * 
(table continues) 
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Table 41 (continued). 
 

Grade Awarded Program/ Course N 
A B C D F Pass 

EDEE 3380 213 144 64 5 * * * 
EDEE 4340 243 197 41 5 * * * 
EDEE 4350 242 208 29 4 1 * * 
EDRE 4450 242 190 43 9 * * * 
EDRE 4860 242 226 13 3 * * * 
EDEE 4101 242 * * * * * 242 

EC-4 
Certification 
(cont.) 

EDEE 4102 242 * * * * * 242 
EDEE 4350 45 29 13 2 1 * * 
EDEE 3320 44 39 4 1 * * * 
EDEE 3380 41 28 12 1 * * * 
EDEE 4330 45 33 8 3 1 * * 
EDEE 4340 45 36 7 2 * * * 
EDEE 4103 40 * * * * * 40 

4-8 
Certification 

EDEE 4104 40 * * * * * 40 
EDSE 3800 71 56 14 1 * * * 
EDSE 3830 71 59 12 * * * * 
EDSE 4060 70 64 6 * * * * 
EDSE 4070 70 48 18 3 1 * * 
EDSE 4108 65 * * * * * 65 
EDSE 4118 65 * * * * * 65 

8-12 
Certification 

EDSE 4840 71 46 20 4 1 * * 
DFST 3123 124 52 36 15 * * * 
EDSE 3800 84 49 27 8 * * * 
EDSE 3830 21 14 7 * * * * 
EDSE 4060 60 52 8 * * * * 
EDSE 4070 21 14 7 * * * * 

EC-12 
Certification 

EDSE 4108 99 * * * * * 99 
   
 
  
 

Set One: Public University EC-4 Program Course Variable Analyses 

Coursework for the EC-4 program is only blocked during the senior year when students 

take Professional Development School (PDS) courses.  The first semester of the senior year is 

known as PDS 1, and the second semester of the senior year is PDS 2.  Thus, this arrangement 

allows students a great deal of flexibility in determining when they enroll in courses prior to their 



 
 

 81

PDS year.  However, once in the PDS year, students typically enroll in PDS1 and PDS2 courses 

consecutively.  Because of this, selected courses were examined in the following sets as related 

to TExES outcomes: (1) undergraduate educational courses taken prior to admission into a 

teacher preparation program, (2) undergraduate educational courses taken post-admission, but 

prior to senior year, (2) PDS1 educational courses, and (3) PDS2 educational courses.   

Table 42 

Correlations Between Public University Coursework and TExES PPR Outcomes for EC-4 Program 
Completers 

 DFEC 
4243 

DFEC 
4233 

DFST 
3123 

EDRE 
4450 

EDRE 
4860 

EDEE 
3320 

EDEE 
3380 

EDEE 
4340 

EDEE 
4350 TExES 

DFEC 
4243 1.00          

DFEC 
4233 -.013 1.00 .040 .081 -.032  .101 .2 .125 -.133() 

DFST 
3123 .081 .040 1.00        

EDRE 
4450 .125 .081 .090 1.00 .) .082     

EDRE 
4860 -.004 -.032 .126 .169** 1.00      

EDEE 
3320 .008 .172** .226** .082 .107 1.00  .142(*) .143(*) .037 

EDEE 
3380 .023 .101 .335** .085 .227** .278** 1.00    

EDEE 
4340 -.016 .201** .170** .372** .378** .142* .118 1.00 .) .005 

EDEE 
4350 .012 .125 .142* .174** .217** .143* .200** .219** 1.00  

TExES 
PPR -.087 -.133* .065 -.010 .118 .037 .043 .005 .091 1.00 

Note. **Correlation is significant at the 0.01 level (2-tailed); *Correlation is significant at the 0.05 level (2-tailed). 
 

Correlations between individual courses recording letter grades (i.e., not pass/fail) and 

courses with 10 or more grades were reported, as well as correlations between courses and 

TExES PPR scores, and can be found above in Table 42.  Note that although several 

undergraduate educational courses are statistically significantly correlated with one another, 
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none of the undergraduate educational courses associated with Public University’s EC-4 program 

were statistically significantly correlated with TExES EC-4 PPR outcomes except for the 

negative correlation associated with TExES EC-4 PPR outcomes and the undergraduate course 

of DFST 4233: Guidance of Children and Youth (r = -.133, p < .05, N = 230).   

Table 43 

Public University: Skewness and Kurtosis Statistics by Program Status 

  N Skew. Kurt 
DFST 3123: Child Development 240 -.910 -.210 
DFST 4233: Guidance of Children & Youth 232 -3.540 12.901 

Pre-PDS Courses, Prior 
to Teacher Education 
Program Admission DFEC 4243: Environmental Processes & Assessment 244 -5.369 40.874 

EDRE 4450: Reading & Writing Birth Through Grade 4 242 -1.994 2.958 
EDEE 3320: Foundations: The School Curriculum 245 -2.725 6.835 

Pre-PDS Courses, After 
Admission to Teacher 
Education Program 
Admission EDEE 3380: Teaching & Learning in Grades EC-8 213 -1.133 .230 

EDRE 4860: Reading & Language Arts in Grades EC-8 242 -4.305 19.440 
EDEE 4340: Social Studies in Grades EC-8 243 -2.071 3.602 PDS Block 1 
EDEE 4350: Mathematics in Grades EC-8 242 -3.043 10.619 
EDEE 4101: Student Teaching in Pre-K through Grade 4  n/a n/a  PDS Block 2 
EDEE 4102: Student Teaching in Pre-K through Grade 4  n/a n/a 

Note.  n/a: Student Teaching courses were pass/fail, and students could not graduate without passing them, so there 
were variations in grades for these courses.                
 

Similar to the EC-4 program at Private University, normality in the form of skewness and 

kurtosis was considered apriori to conducting analyses. However, because multiple regression is 

quite robust to the violation of the normality assumption and because the EC-4 program 

population at Public University is six times larger than the EC-4 population a Private University, 

all undergraduate educational course variables are included in regression analyses regardless of 

normality statistics associated with the EC-4 Pprogram at Public University.  Skewness and 

kurtosis values as associated with selected Public University’s EC-4 undergraduate courses (n = 

213-240) can be found above in Table 43.  Multiple regression analyses were conducted by 

program status under the rationale that if it were possible to predict TExES EC-4 PPR success or 

failure throughout program progress, one could better target those students who would be in 
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potential need of extra TExES EC-4 PPR preparation. However, none of the program status 

course sets are statistically significantly predictive of TExES EC-4 PPR outcomes.  PDS 2 

courses were not examined as they were pass/fail, and there was no variability among these 

outcomes as all students must pass in order to become a program completer in the first place.  

Given the weak correlations between individual courses and TExES outcomes, these results were 

not surprising.   

Following this, an aggregated regression was run using all nine EC-4 courses as 

predictors of TExES EC-4 PPR outcomes regardless of program status.  Because there are more 

than 200 EC-4 program completers at Public University, the large number of variables did not 

violate a statistical assumption (Field, 2000).   Even still, statistical significance was not obtained 

despite the larger population.   In addition, the correlation between cumulative GPA and TExES 

EC-4 PPR outcomes was calculated and found statistically insignificant as well (N = 242, r  = 

.077, p > .05).  A detailed discussion of these results as they relate to power calculations can be 

found in Chapter V.  Additional results from these analyses can be found in Table 44 to include 

weights and confidence interval information. 

Table 44 

Public University EC-4 Program: Aggregated Course Predictors of Scaled TExES PPR 
Outcomes 

95% Confidence Interval for β Predictor b β t Sig. 
Lower Bound Upper Bound 

DFEC 4243 -3.495 -.092 -1.259 .209 -8.971 1.980 
EDEE 4350 5.648 .155 2.040 .043 .184 11.112 
EDEE 3320 .382 .011 .142 .887 -4.920 5.683 
EDEE 3380 -.151 -.005 -.065 .949 -4.777 4.474 
EDEE 4340 -2.165 -.063 -.743 .458 -7.914 3.583 
EDRE 4860 4.863 .097 1.209 .228 -3.075 12.801 
DFST 3123 .902 .042 .528 .598 -2.471 4.275 

(table continues) 
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Table 44 (continued). 
 

95% Confidence Interval for β Predictor b β t Sig. 
Lower Bound Upper Bound 

EDRE 4450 .958 .027 .353 .724 -4.389 6.305 
DFST 4233 -7.608 -.153 -2.021 .045 -15.037 -.180 
EDEE 3320 -1.225 -.059 -.252 .804 -11.536 9.085 

Note. F (9, 181) = 1.554,  p = .132, R2 = .071  R2
adj  = .025 

 
 

Set Two: Public University 4-8 Program Course Variable Analysis 

The 4-8 program at Public University is very similar to the EC-4 program in terms of 

coursework.  Students receive content specialization within the College of Education as well as 

take educational theory and pedagogy courses within the College of Education.  The sequencing 

of coursework is the same as with the EC-4 program in the sense that there is pre-admission set 

of courses, a post-admission set of courses that must be taken prior to PDS involvement, and 

then two PDS semesters.  Table 45 reports normality statistics associated with courses available 

for analysis as associated the 4-8 program (n = 41-45). 

Table 45 

Public University: 4-8 Program: Courses Descriptives      

 Course      N  Skewness Kurtosis   
EDEE 4350: Math in Grades EC-8   45    -2.464   8.328 
EDEE 3320: Foundations: Curriculum  44    -3.195 10.488 
EDEE 3380: Teaching & Learning in EC-8  41    -1.216     .529 
EDEE 4330: Science in Grades EC-8   45    -2.005   3.702 
EDEE 4340: Social Studies in Grades EC-8  45    -2.140   3.907 
EDEE 4103: Student Teaching in Grades 4-8 41        *        * 
EDEE 4104: Student Teaching in Grades 4-8 45        *        *    
Note. * Courses not reporting skewness/kurtosis values were pass/fail, and all program completers passed. 
 
 Consistent with aforementioned EC-4 findings, none of the 4-8 courses were statistically 

significantly correlated with TExES 4-8 PPR outcomes.   Note these courses were actually the 

same courses the EC-4 program completers also took, and both EC-4 and 4-8 students often 
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enrolled in the same course sections.  The correlation between TExES 4-8 PPR and cumulative 

GPA was also calculated (N = 44, r = .081, p > .05).  Table 46 displays additional bivariate 

correlations between courses and TExES 4-8 PPR outcomes.   

Table 46 

Public University: 4-8 Program: Correlations Between Coursework and TExES PPR Outcomes  
 

 TExES 
4-8 PPR 

EDEE 
4350 

EDEE 
3320 

EDEE 
3380 

EDEE 
43309 

EDEE 
4340 

TExES 4-8 PPR 1.000      
EDEE 4350 .128 1.000     
EDEE 3320 -.079 .010 1.000 .106 .369(*) -.053 
EDEE 3380 .164 .243 .106 1.000   
EDEE 4330 .057 .083 .369* -.030 1.000 .530(**) 
EDEE 4340 .210 .375* -.053 -.036 .530** 1.000 

Note. *Correlation is significant at the 0.05 level (2-tailed); **correlation is significant at the 0.01 level (2-tailed). 
 

Because of the lack of statistically significant correlations, only one multiple regression 

analysis was conducted in 4-8 program outcomes.  This analysis included all five courses 

associated with the 4-8 program for which letter grades existed and results were not noteworthy, 

F (5, 34) = .423, p > .05. 

Again, examination of associated undergraduate course syllabi and TExES 4-8 Generalist 

scores was necessary to determine if these findings are related to the misclassification of 

associated courses as pedagogy when, in fact, they possess more of a content emphasis.  Further, 

these students enrolled in many of the same courses associated with the EC-4 program, so the 

issue of multiple instructors teaching multiple sections of courses potentially confounded results 

for the 4-8 program associated with Public University as well. 
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Set Three: Public University 8-12 Program Course Variable Analyses 

The 8-12 program at Public University is not a blocked program.   Similar to the 8-12 

program at Private University, students receive undergraduate course content specialization 

outside of the College of Education in a variety of areas, but take the same undergraduate 

educational theory and pedagogy courses within the College of Education.  Unlike EC-4 and 4-8 

data associated with Public University, all required undergraduate educational courses were 

available for examination to this end as associated with the 8-12 program.  Table 47 reports 

related descriptive statistics in the form of skewness and kurtosis values for courses reporting 

letter grades of program completers in the 8-12 program (n = 65-71).  Note there were only five 

courses associate with Public University’s 8-12 program that were available for analysis as 

associated with this study. 

Table 47 

Public University: 8-12 Program: Course Descriptives 
      

Course N Skew Kurt 

EDSE 3800 Legal, Organizational & Professional Issues in 
Teaching 71 -1.806 2.427 

EDSE 3830  Teaching/Learning Process and Evaluation 71 -1.805 1.293 
EDSE 4060 Instructional Strategies and Classroom Management 70 -3.025 7.360 
EDSE 4070 Teaching Diverse Populations 70 -1.785 3.378 
EDSE 4108  Student Teaching in 8-12 School                     65 * * 
EDSE 4118 Student Teaching in 8-12 School           65 * * 
EDSE 4840 Content Reading Area-8-12 Schools 71 -1.555 2.318 

Note. Courses not reporting skewness/kurtosis values were pass/fail, and all program completers passed. 
  

 Similar to Public University’s EC-4 and 4-8 programs, correlations between selected 

educational courses associated with Public University’s 8-12 program and TExES 8-12 PPR 

outcomes did not reveal statistically significant relationships.  Further, the correlation between 

Public University’s cumulative GPA and TExES 8-12 PPR outcomes was calculated (N  = 71, r 
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= .188, p > .05).  Correlations among selected 8-12 courses associated and TExES 8-12 PPR 

outcomes are displayed in Table 48. 

Table 48 

Public University: 8-12 Program: Correlations Between Coursework and TExES 8-12 PPR 
Outcomes 

 EDSE 
3800 

EDSE 
3830 

EDSE 
4070 

EDSE 
4060 

EDSE 
4840 

TExES 
8-12 PPR

EDSE 3800 1.000      
EDSE 3830 .108 1.000 -.097 .132 .156 .151 
EDSE 4070 .288* -.097 1.000    
EDSE 4060 .184 .132 .454** 1.000 .492(**) .082 
EDSE 4840 .095 .156 .551** .492** 1.000  
TExES 8-12 PPR .038 .151 .035 .082 .170 1.000 

Note. *Correlation is significant at the 0.05 level (2-tailed); **correlation is significant at the 0.01 level (2-tailed). 
 

 One multiple regression analysis was run utilizing all 8-12 courses as predictors of 

TExES 8-12 PPR outcomes to confirm the lack of relationship between courses grades and PPR 

outcomes. As with other multiple regression analyses associated with this study, courses which 

reported pass/fail grades were not included in this analysis.  As expected, results were not 

statistically significant, F (5, 63) = .658, p > .05.  Because 8-12 and EC-12 students receive 

content specialization outside of the College of Education, these courses are believed to be 

pedagogy courses given degree plan classifications which indicated as such.  Further discussion 

of this classification system can be found in Chapter V.  Multiple course sections with various 

professors teaching these sections of courses potentially contributed to the lack of statistical 

significance associated with these analyses.  

 

Set Four: Public University EC-12 Program Course Variable Analyses 

The EC-12 program at Public University is also not a blocked program, and is very 

similar to the Public University’s 8-12 program.   In fact, it is so similar to the 8-12 program that 
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EC-12 students are required to take a number of courses with EDSE prefixes.  Also similar to the 

8-12 program at Private University, EC-12 students receive content specialization outside of the 

College of Education in a variety of areas, but take the same educational theory and pedagogy 

courses within the College of Education.  Unlike EC-4 and 4-8 data associated with Public 

University, all required educational courses were available for examination to this end as 

associated with EC-12 program.  Table 49 reports related skewness and kurtosis statistics for 

courses reporting letter grades of program completers in the EC-12 program (n = 21-103). 

Table 49 

Public University: EC-12 Program: Course Descriptives    

Course N Skew Kurt 
EDSE 3800 Legal, Organizational & Professional Issues in 

Teaching 
84 -.951 -.234 

EDSE 3830  Teaching/Learning Process and Evaluation 21 -.763 -1.579 
EDSE 4060  Instructional Strategies and Classroom 

Management 
60 -2.213 2.996 

EDEE 4105 Student Teaching Elementary Schools 99 * * 
EDSE 4108  Student Teaching in 8-12 Schools    99 * * 
DFST 3123  Child Development 103 -.671 -.819 
EDSE 4070 Teaching Diverse Populations 21 -.763 -1.579 
* Note.  Courses not reporting skewness/kurtosis values were pass/fail, and all program completers passed. 
     

 Only one course was statistically significantly correlated with TExES EC-12 PPR 

outcomes: EDSE 3830, Teaching/Learning Process and Evaluation (r = .884, p < .01).  However, 

this finding was viewed with caution as only 7 valid cases were associated with its calculation.  

The correlation between cumulative GPA and TExES EC-12 PPR outcomes was also calculated 

and found statistically significant (N = 23, r = .722, p < .01).  However, only 23 out of 

approximately 100 EC-12 program completers were utilized in this calculation. Additional 

correlations are displayed in Table 50. Again, the issue of multiple instructors, multiple sections, 

and multiple semesters were believed to be possible contributors to the lack of multicollinearity 

as well as lack of correlation with PPR outcomes. 
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Table 50 

Public University: EC-12 Program: Correlations Between Coursework and TExES PPR 
Outcomes  

 EC-
12PPR 

EDSE 
38004 

EDSE 
38308 

EDSE 
406070 

EDSE 
40704 

DFST 
31235 

EC-12 PPR 1.000      
EDSE 3800 .335 1.000     
EDSE 3830 .884** (a) 1.000 -.158 -.071 -.173 
EDSE 4060 .232 -.084 -.158 1.000   
EDSE 4070 -.021 .(a) -.071 .316 1.000 .346 
DFST 3123 .206 .244* -.173 .427** .346 1.000 

Note. **Correlation is significant at the 0.01 level (2-tailed); *correlation is significant at the 0.05 level (2-tailed); 
(a) could not be computed as the size of N is too small. 
 

Multiple regression was utilized to confirm suspicions course grades would not be 

predictive of TExES EC-12 PPR outcomes.  Two courses, EDSE 4070 and EDSE 3830, were left 

out of the equation due to the small number of valid cases associated with TExES EC-12 PPR 

outcomes (n < 10).  Similar to all other results for Public University programs, results were not 

statistically significant, F (3, 5) = 3.079, p > .05.  Again, multiple sections of courses as well as 

small valid cases associated with the sample size were believed to contribute to their lack of 

predictability of TExES EC-12 PPR outcomes.  

 

Stage 2: Public University: Step 2 

Logistic regression was the final step associated with the research question of Stage 2.   

Scale score outcomes on TExES PPR exams for students at Public University ranged from 169 to 

300.  A scale score of 240 is currently required to pass PPR exams, regardless of certification 

type.  The aggregated pass rate for program completers for the 2005-2006 academic year 

regardless of program type was 95.58%.  Students who did not pass their respective TExES PPR 

examinations scoring the minimum 240 scale score were as follows:  EC-4 (n = 9/271), 4-8 (n = 
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2/45), 8-12 (n = 6/71), and EC-12 (n = 2/43).  Descriptives associated with TExES PPR 

outcomes by program for Public University are displayed in Table 51. 

Table 51 

Descriptives for TExES PPR Outcomes by Program at Public University 

         Program  n Minimum    Maximum          SD    Mean      Median   
        EC-4           271     169                300            17.474          266           269 

   4-8  45     230    290            13.868      270           273 
 8-12  71     215    292         16.570          262           263 

          EC-12  43            235                290            14.878          264           265      
 

PPR outcomes by program and all associated, graded courses with at least 10 valid cases 

were included in these analyses.  Due to the fact there was not a 100% pass rate associated with 

Public University, the scale score of 250 was selected as the cut-off point for prediction purposes 

under the rationale that any student who was not predicted to score at least a 250 would be in 

need of identification and potential additional tutoring prior to taking his/her respective TExES 

PPR exam.  The breakdown of students who scored above/below this 250 scale score by program 

is found in Table 52. 

Table 52 

Actual Number of Students Scoring Below and Above the 250 Scale Score on TExES PPRs by 
Program for Public University      

 Program    </= 250  > 250     
EC-4 Program        51      220 
4-8 Program          5        40 
8-12 Program        17        54     

. EC-12 Program         9        34     
 
 Four separate logistic regression analyses were run by program: EC-4 program, 4-8 

program, 8-12 program, and EC-12 program.  However, none of these analyses reveal significant 

improvements from the intercept only model to the course predictor model.  This was believed to 

be due to the following: (1) the lack of correlation between courses and PPR outcomes to begin 

with, and (2) even after selecting a stricter minimum pass score, the pass/fail groups were not 
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nearly equitable in size, violating a logistical regression assumption.  Additional results can be 

found in Table 53 to include model χ2 and percent improvement predictions from the intercept 

only model to the full model. 

Table 53 

Logistic Regression Outcomes by Program in Predicting Whether or Not a Program Completer 
Would Pass Their Respective TExES PPR Exam        

                            Intercept Only %     Model % 
       Program             n         model χ2        Sig.        df             Prediction      Prediction   
   EC-4 Program 192      26.115          .202 21                 82.3                   83.9 
   4-8 Program               41      14.731          .195        11                 90.2                   95.1 
   8-12 Program   71      13.536          .140   9          75.7            77.1 
   EC-12 Program          11        3.929          .560          5          90.9                   90.9   

 

Private University: Stage 3 

The purpose of Stage 3 of the model was to use pre-admission, undergraduate, and 

certification variables to predict the career status of a program completer during the first four 

years beyond certification.  The research question associated with Stage 3 was: Do pre-

admission, pre-program, program, and certification variables predict career choice 1-2 years 

beyond initial certification based on institution type? 

Information regarding the status of students beyond program completion was only 

available for students in the EC-4 program at Private University.  Due to the fact that this study 

was conducted utilizing subjects who received bachelors degrees and certification during the 

2005-2006 academic year, only data regarding career choice (teaching or graduate school) for 

years 1 and 2 were available.  Specifically, career choice existed for 34 EC-4 program 

completers.   

TExES EC-4 PPR outcomes and courses which proved to be most influential across the 

program were included in this analysis as predictors of career choice beyond program 
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completion (n = 34): EDEC 30103, EDEC 30014, EDUC 30123, and TExES EC-4 PPR scores.   

Data from year 1 with grades from these courses include 28 alumni who immediately took 

teaching jobs and 6 who continued their education and enrolled as a graduate student.  Given the 

lack of variability in outcomes, the analyses generated a model χ2 = .081, which lacked statistical 

significance.  However, upon examination of Rao scores, both EDEC 30103 and EDUC 30123 

possessed statistically significant scores signifying potential contribution when added to the 

model (Field, 2000).  As such, a second logistic regression was run utilizing only these two 

variables, which generated a statistically significant model χ2 = .018.  However, there was no 

improvement from the intercept-only to logistic model, as both models predict group 

membership correctly 82.4% of the time.  Again, the fact that 29 out of 34 program completers 

went directly into teaching, with only 6 going on to graduate school, was believed to contribute 

to the intercept-only model generating statistical significance, as well as explain why the logistic 

model was unable to improve this null model. 

 

Public University: Stage 3 

No information regarding the status of students beyond program completion was 

available for program completers associated with EC-4, 4-8, 8-12, and EC-12 programs at Public 

University.  As such, Stage 3 of the model could not be carried out for Public University.  

Suggestions for strategies which can be used to help collect/compile Stage 3 data for Public 

University are discussed in Chapter V.  

 

Summary 

 The purpose of this chapter was to report and interpret findings as they related to the 
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proposed model.  Findings were reported separately by stage as well as by university in sections 

of this chapter.  Statistical considerations outlined in Chapter III were addressed in each section 

of these findings.  This chapter concludes the results from this study. 
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CHAPTER V 

CONCLUSIONS 

This chapter includes three sections: (a) Comparisons, Synthesis of Findings, and 

Conclusions, (b) Program Implications, and (c) Further Recommendations.  The Comparisons, 

Synthesis of Findings, and Conclusions section considers unique findings of each institution as 

well as compares Private and Public University results, drawing inferences and conclusions.  The 

Program Implications section discusses aspirations associated with this model as outlined in 

Chapter I.  The Further Recommendations section provides suggestions for future research and 

discusses study findings in the larger scope of subsequent teaching impact on K-12 outcomes. 

This study was carried out in three stages.  Research questions were:  

1. Which pre-admission characteristics and pre-program variables are most influential in 
generating ability estimates and are those ability estimates predictive of teacher 
preparation program completion GPA based on institution type? 

 
2. Do pre-admission, pre-program, and program variables predict success on TExES PPR 

Certification Exams among pre-service teachers based on institution type? 
 
3. Do pre-admission, pre-program, program, and certification variables predict career choice 

1-2 years beyond initial certification based on institution type? 
 
 

Comparisons, Synthesis of Findings, and Conclusions 

This section is organized in the following manner: statistical and research design issues 

that impact the larger scope of this study for both institutions are presented first. Discussion of 

the model by stage in comparing/synthesizing Private and Public University findings follows. 

 

Replicability and Reliability 

Reliability was considered with regard to standardized testing variables.  Although 

aggregated reliability estimates were available for nationwide test administrations by calendar 
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year, data regarding when program completers actually took ACT or SAT exams or which forms 

of these exams were taken was unavailable.  As such, including these national estimates by 

calendar year was considered inappropriate.   

 Reliability estimates for TExES examinations were not included on the SBEC or ETS 

websites.  An inquiry was submitted to SBEC requesting either statewide or university estimates 

on 2005-2006 PPR examinations, but this inquiry had not been responded to by the time this 

document was written. Regardless, currently the TExES examinations are the primary and only 

standardized means of assessing teacher qualifications in the state of Texas, and were, thus, 

included in analyses. 

 The extent to which study results would be replicable across academic years was 

considered in conjunction with reliability.  To this end, the stability of programs over time was of 

interest and administrators at Private University and Public University were questioned regarding 

the following issues: faculty turnover and ratio of full- to part-time faculty, program requirement 

consistency across years, and student type.  For Private University, university administration 

reported faculty turnover was considered low, courses/sections were typically taught by the same 

full-time professors from year to year with few adjuncts, student type was considered consistent 

across academic years, and programs of study remained relatively stable in terms of requirements 

across academic years.  For Public University, university administration reported faculty 

turnover was considered moderate, courses were taught by both full-time and several adjunct 

professors from year to year, student type was considered consistent across academic years, and 

programs of study were reported to remain relatively stable in terms of requirements across the 

years.  In addition, courses at Public University often had multiple sections associated with them, 

sometimes as many as 9 or more.  With such a program delivery setup, it is impossible for any 
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full-time faculty carrying a typical 3-3 or 3-2 teaching load to be responsible for teaching all 

sections of any one course during a semester.  Utilizing multiple instructors to deliver multiple 

sections of the same course introduces a large amount of error associated with resulting course 

grades. 

 

Grade Distributions 

Similar grade inflation existed at both universities.  Most students made As in 

coursework.  Although some of this may have been attributed to instructors being too lenient, the 

existence of such a phenomenon ultimately could not be known.  What was known was that 

students must all meet the same requirements in order to be admitted into a teacher preparation 

program, which generated more homogeneous populations of students.  As such, one would 

expect them to earn similar grades in educational courses.  Table 54 reports aggregated grades 

earned in all courses associated with this study for Private and Public Universities, regardless of 

program.   

Table 54 

Undergraduate Grades Earned Regardless of Program at Private & Public Universities.   

      University     As Earned Bs Earned Cs Earned Ds Earned   
 
Private University  1049 (80%) 244 (19%)   18 (1%)        1 
Public University  2361 (79%)  532 (18%) 105 (3%)        7    
______________________________________________________________________________ 

Upon reflection of discussion with higher education administrators, grade inflation 

appeared to exist within teacher preparation programs in this study for a number of reasons.  

First, students in colleges of education were a more homogeneous group due to the fact students 

all met the same admission requirements.  Second, students in the college of education all 

possessed the same career passions.  Third, the content commonly taught in educational courses 
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was considered subjective in nature, often making it difficult for faculty to clearly distinguish 

between a completely “right” answer and a “wrong” answer.  Fourth, several courses within 

educational programs only reported the dichotomous outcomes of pass/fail as course grades. 

And, fifth, coursework associated with these programs of study often included cooperative 

learning activities and projects for which all students participating in a group received the same 

grade. 

 With regards to this study, grade inflation was found to be a slightly more concerning at 

Private University, especially in light of smaller sample sizes.  This was believed to be the result 

of two factors: (1) the admission rate for Private University is extremely low, which further 

served to make program populations homogenous groups (i.e., in 2006, general college 

admission was only 1 in 8 applicants, and teacher preparation program admission was only 1 in 2 

applicants beyond this); and (2) program populations were small, ranging from 20-46 program 

completers.  As such, the variables of skewness and kurtosis were carefully considered apriori to 

running analyses associated with stages for all programs at both universities, but particularly at 

Private University. 

 

University Comparisons: Stage 1 

To answer the first research question, the research of Young (1990) was utilized 

regarding the generation of GPA ability estimates.  Only data from Private University was 

available to utilize to this end.  The person ability estimates generated in this current study were 

not predictive of cumulative undergraduate GPA, nor were they predictive of GPA on the first 60 

hours of undergraduate studies. This finding was believed to be attributed to (a) a potential 

violation of the local independence assumption as associated with ability estimates being 
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generated based on grades from different courses (i.e., science and math courses collectively 

used to generate just one ability estimate), and/or (b) error introduced from students taking the 

same courses from different teachers at different high schools.  However, the possibility may 

also exist for this study that the use of categorical predictors in the form of letter grades instead 

of continuous predictors in the form of percentage grades also limited the utility of ability 

estimate results as categorical predictors are unable to differentiate between students who score 

an 80% and those who score an 89.8%, etc.  Also, had high school transcripts been available for 

all programs at both universities, it would have been expected that any additional ability 

estimates would have generated similar, uncorrelated findings regardless of program size. 

Instead, SAT and ACT scores were the only other variables available for many of the 

program completers at both universities.  Also, most students took either the ACT or the SAT, 

but not both of these admission examinations, regardless of whether or not they attended Public 

University or Private University. The SAT examination was the assessment students took more 

often.  Further, SAT scores proved to be generally more predictive of cumulative GPA outcomes 

than ACT scores for Private University.  SAT scores were available for all programs associated 

with Private University, but were only available for the EC-12 program at Public University.  

Aggregated correlations between SAT verbal scores and cumulative GPA are found in Table 55. 

Table 55 

Private University & Public University Bivariate Correlations Between SAT Verbal and 
Cumulative GPA by Program  

University/Program n r r2 Sig. 
EC-4 46 .566** .320 .002 
4-8 20 .550* .303 <.001 
8-12 21 .661** .437 .004 Private University 

EC-12 32 .571** .326 <.001 
Public University EC-12 58 .464** .215 <.001 
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These results support current admission practices at both universities which require the 

SAT or ACT entrance exams.  Current general undergraduate admission requirements for Public 

University include an 1180 SAT composite score or a 26 composite score on the ACT.  At 

Private University, there is no set minimum for SAT or ACT examinations required to get into 

general undergraduate students as admission decisions are decided on a case-by-case basis.  

However, the College of Education at Private University requires students hold a minimum of 

1170 SAT composite (minimums: 500 math and 500 verbal) or a 23 on the ACT prior to 

admission into any teacher preparation program of study.   

 

University Comparisons: Stage 2 

 The purpose of Stage 2 of the model was to use pre-admission and undergraduate 

program variables in predicting whether or not a student would be successful on TExES 

examinations.  Due to smaller program sizes at Private University, the EC-4 program was 

examined either by blocked semester, if applicable, and the 4-8, 8-12, and EC-12 programs were 

examined by course prefix (i.e., EDSE, EDUC, etc.).  At Public University, the EC-4 and 4-8 

programs were examined in courses sets (pre-PDS, PDS1, and PDS2), and courses associated 

with the 8-12 and EC-12 programs were examined collectively.   

To further examine multiple regression analyses where statistical significance was not 

found at Private University, post-hoc power analyses were conducted to compare statistically 

insignificant findings associated with the smallest program population at Private University and 

the largest program population at Public University. Power (1 – β) is said to be an analysis’s 

ability to detect an effect, assuming an effect truly exists, and is dependent on effect size, sample 

size, and the significance criterion selected for an analysis (Bell, 2000).  Power is also referred to 
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as the probability a statistical test will generate statistically significant results (Cohen, 1998). In 

social science research, power of .80 is commonly, but not always, sought when developing the 

research design apriori.  Because this study included entire populations of program completers, 

sample size could not be established apriori to conducting analyses.  Table 56 displays post-hoc 

power calculations generated to further explore regression analyses associated with statistically 

insignificant findings at Private University where sample sizes were smallest. Specifically this 

table reflects power calculations based on sample size of 20 with two predictor variables and a 

statistical significance criterion of .05.  This table shows that even if a large effect existed, it 

would have been difficult for regression analyses to have detected it. 

Table 56 

Post-Hoc Power Calculations Associated with Statistically Insignificant Regression Findings 
with Small Population Sizes, p ≤ .05: Private University 

Anticipated 
Effect (R2) f2 n u V λ Power 

.35 .35/(1-.35)=.54 20 2 20-2-1=17 .54x20=10.76 .79 

.15 .15/(1-.15)=.18 20 2 20-2-1=17 .18x20=3.53 .28 

.02 .02/(1-.02)=.02 20 2 20-2-1=17 .02x20=.40 <.20 
 

Similarly, post-hoc power calculations were generated to further explore statistically 

insignificant findings associated with regression analyses for Public University where larger 

sample sizes and multiple predictor variables were included.  Specifically, the EC-4 analyses 

which utilized 242 subjects and 9 predictor variables were examined. Table 57 displays 

associated power calculations and illustrates that with this large of a sample size, regression 

would have been very likely to reveal either moderate to large effect sizes had they existed.  See 

the following section regarding coursework correlations with TExES PPR outcomes for further 

discussion of disparities among regression results associated with Stage 2. 
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Table 57 

Post-Hoc Power Calculations Associated with Statistically Insignificant Regression Findings 
with Larger Population Sizes, p ≤ .05: Public University 

Anticipated 
Effect (R2) f2 n u V λ Power 

.35 .35/(1-.35)=.54 242 9 242-9-1=232 .54x242=130.68 >.99 

.15 .15/(1-.15)=.18 242 9 242-9-1=232 .18x242=43.56 >.99 

.02 .02/(1-.02)=.02 242 9 242-9-1=232 .02x242=4.84 .29 
 

Another issue associated with Stage 2 of the model was the wide variance associated with 

correlations between course grades and TExES PPR outcomes for both universities.  At Private 

University, 13 out of 22 courses associated with the EC-4 program were statistically significantly 

correlated with TExES EC-4 PPR outcomes (n = 18-41, p <. 05); 2 out of 8 courses associated 

with the 4-8 program were statistically significantly correlated with TExES 4-8 PPR outcomes (n 

= 18-21, p < .05); none of the 8-12 courses were significantly correlated with TExES 8-12 PPR 

outcomes (n = 16-19); and 3 out of 6 associated with the EC-12 courses were significantly 

correlated with TExES EC-12 PPR outcomes (n = 24-31, p < .05).  Further, after a series of 

multiple regression analyses, two courses associated with Private University were predictive of 

TExES PPR outcomes regardless of program area and accounted for roughly 20% of the variance 

associated with TExES PPR outcomes: EDUC 30143, “Child and Adolescent Development” and 

EDUC 30123, “Educational Psychology” (F = 4.746, p < .05). 

Coursework at Public University did not prove to be a useful tool in predicting TExES 

PPR outcomes, regardless of program area.  In fact, only two courses were significantly 

correlated with TExES PPR outcomes across all programs.  In the EC-4 program, DFST 4233, 

“Guidance of Children and Youth” possessed a negative correlation with TExES EC-4 PPR 

outcomes (r = -.133, p < .05).  Only one other course had a significant correlation with TExES 
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PPR outcomes, but that correlation was based on only 7 valid cases and was viewed with great 

caution: EDSE 3830, “Teaching/Learning Process and Evaluation” as associated with the EC-12 

program only (r = .884, p < .01).  Neither of these courses generated noteworthy effect size 

measures. 

One reason for these discrepancies was believed to be related to course delivery.  At 

Private University courses are taught primarily by full-time faculty, and faculty turnover is low.  

In addition, generally there are only 1-3 sections of any one course being taught during a 

semester, and one faculty member is generally responsible for teaching all sections of that 

course.  As such, sections at Private University were considered to be relatively stable/consistent 

in terms of professors, course content, and delivery.  In contrast, the teacher preparation 

programs at Public University are much larger in terms of student population and section 

offerings, faculty turnover was considered moderate by university administration, and the use of 

adjuncts in teacher preparation programs was frequent.   

Although information was unavailable regarding which professors taught the various 

sections of courses associated with the 2005-2006 program completer population, current course 

offerings for the 2007 academic year confirm that there are many sections of courses taught by 

various professors each semester.  For example, in the Fall 2007 semester, there were 5 sections 

capped at 40 students each and 5 different instructors teaching  EDEE 4340, “Social Studies in 

Grades EC-8” and 9 sections capped at 30 students each with different instructors teaching 

EDEE 4330, “Science in Grades EC-8.”  Even if syllabi were strictly standardized, error would 

still be associated with course grades as attributed to the differing teaching philosophies, 

backgrounds, and specializations of instructors. As such, this error was believed to have 

contributed greatly to the lack of significant correlations between course grades and TExES PPR 
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outcomes. 

A second possibility for these findings may stem from course classification.  Upon 

further examination of Public University coursework, some of the course descriptions and course 

titles appeared to reflect more of a content emphasis than a pedagogy emphasis.  For example, 

the courses EDEE 4340, Social Studies in Grades EC-8, and EDEE 4350, Mathematics in Grades 

EC-8, were specifically labeled as pedagogy courses, not content courses.  Results from this 

portion of Stage 2 bring to question whether or not course content associated with these analyses 

were more predictive of TExES EC-4 Generalist scores than TExES EC-4 PPR scores.  Course 

syllabi for all required courses and TExES EC-4 Generalist scores were not available at the time 

of this study to examine and help answer this question.   However, Public University’s Student 

Advising Office confirmed that several of these courses are actually methods courses, but 

because they are taught in conjunction with an internship and student teaching experience they 

are viewed and labeled as pedagogy courses 

Still, in looking at courses at both universities which were significantly correlated with 

TExES PPR outcomes (n > 10), it appeared these courses did have commonalities: (1) they were 

developmental theory driven, and (2) they were taken prior to admission into the College of 

Education (Private University) or PDS blocks (Public University).  As such, college 

administration may want to consider examining grades earned in theory based courses more 

carefully prior to student admission to teacher preparation programs or field-based component 

portions of programs. 

In addition, pass rates for both universities were high during the 2005-2006 academic 

year.  All students at Private University passed their TExES PPR exams, and 95.58% of program 

completers at Public University passed.  As such, the use of logistic regression to predict group 
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membership (passing or failing group) for Private University was determined to be inappropriate, 

even when considering selecting a higher, arbitrary pass/fail point (Pedzahur, 1997; Stevens, 

2002; Peng & So, 2002, Field, 2000).  Further, the dean and assistant deans in the College of 

Education at Private University were consulted to discuss the utility of utilizing a higher cut-off 

score for logistic prediction purposes of TExES success, but administration felt strongly that 

being able to predict whether or not a student would score the required 240 minimum was good 

enough.   

At Public University, only 19 of 430 failed their TExES PPR exam.  Such an unequitable 

breakdown of groups also makes predicting group membership based on course grades a mute 

point in light of the fact significant correlations between courses and TExES PPR outcomes 

associated with Public University were almost non-existent.  Still, logistic regression was run to 

confirm this lack of practical significance for Public University.  Ultimately, this is a good 

problem for these teacher preparation programs to have: their pass rates are so high on TExES 

PPR examinations that it is not possible for logistic regression to be practical tool in predicting 

which students pass or fail. 

 

University Comparisons: Stage 3 

Although some may argue that assessing whether or not a teacher preparation program 

completer chooses to seek a teaching position beyond graduation is redundant, university 

administrators indicated teaching employment trends in the metropolitan area associated with 

Private and Public University suggest there is greater supply than there is demand for teachers, 

particularly for EC-4 teachers.  As such, school districts may be able to hire those who interview 

best as well have the strongest qualifications as opposed to those who do not.  Following, those 
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who do not get hired may be forced to seek alternative career choices.  The purpose of this stage 

of the model was to determine whether or not the existence of this phenomenon could be 

quantified.   

 Because career choice data was not available from Public University, the research 

question associated with this phenomenon was examined by looking at Private University data 

only.  Further, career choice beyond graduation was limited to EC-4 program completers and 

was only available in terms of two following categories: teaching or immediate enrollment into 

graduate studies.  Career choices were available for 35 of the 41 EC-4 program completers 

during the first year beyond graduation, and for 33 of the original 41 EC-4 program completers 

during the second year beyond graduation.  However, logistic regression analyses did not 

generate noteworthy findings because the division of groups (teaching or graduate school 

choices) was inequitable.  During the first year beyond undergraduate graduation, 29 of the 41 

program completers secured teaching jobs.  By year 2 beyond undergraduate completion, all 33 

program completers for which data existed had secured teaching positions.  This discrepancy 

violated one of the assumptions associated with logistic regression. 

Thus, three issues interfered with full examination of the research question associated 

with Stage 3 of the model.  First, only the career choice from Private University’s EC-4 program 

was available for review.  Second, all of Private University’s EC-4 program completers for 

which data existed had secured teaching positions by year two beyond program completion.  

Third, because data did not exist for any other programs it was not possible to compare 

differences in employment trends across programs and between universities.  

The next three paragraphs discuss potential avenues for collecting and compiling 

program completer data with regards to career status during the years beyond graduation: alumni 
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surveys and strengthened relationships between institutions and TEA. 

 Upon discussion with college of education deans, it appeared program completers 

generally choose one of four options immediately beyond graduation, in order from most often to 

least often: teaching, graduate school, time off from career to pursue marriage or other family 

obligation, or career change (i.e., training in another career area or beginning a non-teaching 

career).  As such, these categories could be included in alumni surveys.  University alumni 

departments as well as colleges of education could be solely or collectively involved in 

generating, distributing, collecting and aggregating data from these surveys.   However, alumni 

surveys are dependent on survey response, and as such do not generate complete data for all 

graduates. 

In cases where alumni relationships are weak or sporadic across time, relationships 

between teacher preparation programs and the Texas Education Agency (TEA) and State Board 

of Educator Certification (SBEC) should be strengthened so that teacher preparation programs 

can have access to the status of program completers affiliated with their institutions.  Currently, 

teacher employment status as well as the tracking of TAKS scores at the teacher level exists 

within TEA/SBEC as well as within school districts, but this information has not been shared 

with universities even though universities have asked for it.  A neutral housing authority 

maintaining this information in a database format would ultimately provide the vital link needed 

to close this gap between theory and practice.  From this, institutions could build their own 

databases from which valuable program evaluation decisions could be made.  

Currently the Center for Research, Evaluation, and Advancement of Teacher Education 

(CREATE) is in the process of formulating this very database by developing partnerships 

between school districts and by-passing TEA and SBEC through a voluntary initiative called 
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Performance Analysis System for Colleges of Education (PACE).  Although this project is still 

under development, the goal is for school districts and colleges of education to provide CREATE 

with teacher level data that can be used to ultimately link teacher preparation program variables 

to K-12 outcomes. 

 

Program Implications and Recommendations 

 Although results from portions of this study were inconclusive, it is important to note that 

this is the first attempt in the literature to quantitatively model the impact a teacher preparation 

program has on a program completer.  As such, this study may be an important first step towards 

re-directing current program evaluation practices currently used in higher education today.  

Implications for this model were discussed in Chapter I as follows.  First, it was anticipated 

person ability estimates may be a useful tool for predicting teacher preparation program 

performance. However, error associated with individuals graduating from a variety of high 

schools where they took core high school courses under different teachers resulted in the 

generation of person ability estimates which were not predictive of undergraduate GPA 

variables.  Instead, supplemental analyses indicated that it was, in fact, possible to predict TExES 

PPR outcomes as well as program completer GPA variables as measures of program success by 

using aptitude scores generated via the pre-admission variables of SAT verbal, ACT English and 

ACT reading scores.   

Second, it was anticipated one may be able to determine the effectiveness of each course 

within the context of an overall university program in terms of certification outcomes.  The 

model was partially effective at doing just this.  At Private University where few sections were 

offered of each course, the model was effective in predicting success on TExES PPR outcomes.  
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However, at Public University the model was not effective in revealing these same course-to-

certification outcomes due to error introduced by multiple sections of courses having been taught 

by various instructors.   

Aside from general implications for this model, regardless of university or program, there 

were specific implications for each program at Private University and Public University as well.  

The remainder of this section outlines these. 

 

Implications for Private University EC-4 Program 

This study examined Private University’s EC-4 program more in depth than any of the 

other programs due to the availability of data.  Stages 1 and 2 of the model proved to be valuable 

in revealing pre-admission variables and course variables which faculty and administrators may 

want to consider more closely as they monitor student progress.  Further, the structure and 

delivery of courses which did not prove predictive of program completion outcomes may warrant 

review and/or revision of course syllabi.  However, because it was not possible to link program 

completer data to subsequent K-12 outcomes, caution is warranted when interpreting weak 

correlations between program variables and TExES EC-4 PPR outcomes.  The TExES EC-4 PPR 

examination is just one instrument which only measures specific domains and competencies as 

they relate to pedagogy and professional responsibilities.  The possibility exists that courses 

which correlated weakly with the TExES EC-4 PPR actually correlate more strongly with other 

desirable K-12 outcomes.  

 For example, all sections of EDEC 30033, “Play and Creativity” have been taught by the 

same tenured professor for several years.  The focus of this course is to encourage students to 

think about issues creatively, critically, reflectively, and thoughtfully.  A variety of hands on 
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activities and assignments are incorporated into this course where students are actively engaged 

in complex problem solving and higher order thinking tasks.  Still, the correlation between 

EDEC 30033 and TExES EC-4 PPR outcomes was not statistically significant (r = .185, p > .05).  

However, because no data existed on K-12 outcomes, it is not possible to know whether or not 

skills learned in this course informed the teaching strategies of program completers in their own 

classrooms. As such, weak correlations between courses and TExES EC-4 PPR outcomes are not 

necessarily an indication of course ineffectiveness. 

 Regarding career choice of EC-4 program completers, all participants associated with this 

study for which data existed were able to secure teaching positions within two years of 

graduation from undergraduate studies.  As such, simply looking at career choice may not be 

enough.  It may be useful to examine the types of teaching choices EC-4 program completers 

make.  Questions which may warrant exploration include: Do EC-4 program completers seek 

private or public employment settings?  Do EC-4 program completers seek early childhood (PK-

2) or upper elementary (3-5) teaching settings?  Do EC-4 program completers seek urban, 

suburb, or rural teaching settings?  Do EC-4 program completers seek low SES teaching 

settings?  Answers to each of these questions could be used to further shape courses associated 

with Private University’s EC-4 program. 

 

Implications for Private University 4-8, 8-12, and EC-12 Programs 

Results for 4-8, 8-12, and EC-12 programs when examined individually were 

inconclusive. This was believed to be due to small program sizes.  Because course offerings in 

these programs are often combined, it was decided to examine these programs collectively.  For 

example, EDMS 30001 (required for 4-8 students) and EDSE 30001 (required for 8-12 and EC-
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12 students) meet with the same professor in the same classroom and during the same block of 

time each week.  University administration reported these students generally differ only in 

content specialization (i.e., math, science, social studies) and grade level preferences (i.e., 4-8, 8-

12, and EC-12 programs). 

 Further, although 4-8, 8-12, and EC-12 program completers passed TExES PPR 

examinations, coursework associated with their programs are split between education courses 

housed within the College of Education and content courses housed within other 

colleges/departments across campus.  Because 4-8, 8-12, and EC-12 program correlations with 

TExES PPR outcomes were generally not as strong as those associated with the EC-4 program 

for the same courses, faculty and administrators may want to examine why this phenomenon 

exists.  For example, consider the course EDUC 30123, “Educational Psychology.”  For all 

programs, this course was statistically significantly correlated with TExES PPR outcomes (p < 

.01).  However, for the EC-4 program, this correlation was .690 (n = 40) whereas the correlation 

for the aggregate of 4-8, 8-12, and EC-12 programs was .398 (n = 61).  Although both of the 

correlations are strong, the EC-4 program correlation is much stronger.  Could this be the result 

of aggregating sections when, perhaps, students would do better if 4-8, 8-12, and EC-12 

programs were taught separately?  Could this be the result of the EC-4 program housing both 

content and pedagogy within the College of Education, while 4-8, 8-12, EC-12 content is 

obtained through other university colleges and departments? 

 

Implications for Public University EC-4, 4-8, 8-12, and EC-12 Program 

The use of multiple regression proved to be problematic for Public University data due to 

the fact courses were taught in multiple sections and that a large number of adjuncts as well as 
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full-time faculty teaching course sections.  The use of more complex statistical approaches is 

needed to explore future research involving Public University data.  HLM techniques may be 

able to model section level effects of a course.  However, HLM techniques may not have been 

appropriate for this particular study for the following reasons: (a) program completer data existed 

only for those graduating during the 2005-2006 academic year; (b) course sections were capped 

at 30-40 students; (c) participants could take several courses out of sequence at Public 

University, which likely resulted in smaller course section sizes available for analysis as 

associated with this single program completion academic year.   

 

Further Recommendations 

 This study examined 8 traditional teacher preparation programs housed within two 

Colleges of Education at Texas universities and included a variety of variables in analyses: high 

school course grades, pre-admission exam scores (SAT/ACT), undergraduate variables prior to 

teacher preparation program admission, teacher preparation program variables, certification 

outcomes on TExES PPR examinations, and career choice beyond graduation. Still, not all of 

variables contributing to a student’s performance were ultimately known. A suggestion for future 

research is to dialogue with university administration, faculty, and students further to explore 

additional variables which may interact with teacher preparation impact on an individual 

program completer.  For example, Private University is a highly selective institution.  And, as 

noted in Chapter III, Private University program completers performed better on TExES PPR 

exams than Public University program completers.  Further, students are more likely to receive 

individualized assistance from full-time faculty and administration at Private University than 

those at Public University.  Does this increased involvement with students contribute to better 
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success on TExES PPR outcomes?  Does the selectivity associated with Private University 

admissions contribute to better success on TExES PPR outcomes?  

 Another issue in need of attention is that of grade inflation.  The less variation there is 

among grades, the less predictability a course possesses. A suggestion for beginning this 

program improvement dialogue regarding steps to move away from grade inflation would be to 

connect a variety of College of Education administrators and faculty with administrators and 

faculty from other colleges where grade inflation is not particularly evident.  As reported by 

Young (1990), courses which focused on natural science and engineering were found to reflect 

the least amount of grade inflation.  Connecting administration and faculty between these 

departments at each institution may serve as a useful mechanism to addressing this issue.  In 

addition, it may be appropriate to consider the utility of employing +/- grades as a means to 

provide programs with additional variance regarding about student progress and course utility. 

 Also, it has been repeatedly stated that results from this study cannot be generalized 

beyond the programs from which they were obtained.  However, it is possible to make the 

following generalizations regardless of program.  First, the nature of course delivery impacts the 

ability an individual course can have in predicting TExES PPR outcomes.  Multiple regression 

does not appear to be appropriate when using course grades to predict TExES PPR outcomes at 

institutions where multiple sections of courses are offered and delivered by multiple instructors. 

especially in cases where adjuncts are utilized and who are generally unaware of overall program 

goals.  This does not necessarily indicate students are not learning when course delivery involves 

multiple sections.  However, the error introduced from multiple instructors teaching multiple 

courses makes it impossible to partition variance appropriately.   

 A second generalization is as follows: even in cases were few course sections were 
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offered and delivered by the same instructor, it is worth noting that just because a course was not 

statistically significantly correlated with a TExES PPR outcome does not necessarily mean the 

course is not valuable.  It only means, for certain, that the course content was not correlated to 

content covered on the TExES PPR examination.  This was illustrated in the EC-4 program 

implications above. 

 These two generalizations lead into a main recommendation for future research as 

associated with this study.  In order to be able to determine the true impact any teacher 

preparation course has on an individual, a method for linking teacher preparation program 

variables and the individuals who enroll in them to the K-12 standardized achievement exams 

ultimately associated with the students taught by these same teacher preparation program 

completers is needed.   Although K-12 standardized examinations only represent one measure of 

academic achievement, currently they are the only standardized measure available for all K-12 

students enrolled in public school settings.  As such, these K-12 standardized achievement tests 

would be a primary variable in these supplementary analyses. Including this link this would 

ultimately add a Stage 4 to the model. 

Again, the ongoing work of Noell’s (2004; 2005; 2006) use of HLM shows promise to 

this end.  In addition to his use of HLM techniques as discussed in Chapter II, growth mixture 

modeling may also show potential unto this same end. Growth curve and developmental trend 

analyses regarding human behaviors have been utilized to study intra-individual differences in 

growth trajectories by a variety of researchers (Meredith & Tisak, 1990; Rogosa, Brandt, & 

Zimowski, 1982; Muthén & Curran, 1997; Bryk & Raudenbush, 1992; Willett & Sayer, 1996).   

Growth mixture models may be useful tools for examining student variables which are nested in 

classrooms, schools, and districts.  A common example of an approach used to study longitudinal 
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growth in educational research is repeated measures ANOVA where data collected at specific 

points in time can be analyzed via univariate or multivariate techniques (Williams, Nimon & 

Allen, 2007).   

 Growth mixture modeling techniques could be used to capture the subpopulations 

associated with K-12 outcomes.  Two examples of growth mixture models are finite mixture 

modeling and latent class modeling.  With finite mixture modeling, categorical latent variables 

could be estimated when sub-population membership is not known (McLachlan & Peel, 2000).   

 Similarly, latent class models could be used to estimate sub-population membership by 

estimating both categorical and continuous latent variables.  Through latent class modeling, the 

total population could be partitioned out into distinct, unobserved sub-populations which 

conform to distinct latent structures (Clogg, 1995).   However, the need for a neutral housing 

authority of class and K-12 student level data, such as PACE shows promise to generate, must 

exist in the state of Texas before these additional analyses can be carried out. 

 

Summary 

This chapter consisted of three sections: (a) Synthesis of Findings and Conclusions and 

(b) Program Implications and Recommendation and (c) Further Recommendations.  Private and 

Public University results were compared in The Synthesis of Findings and Conclusions section 

with general inferences made.  Original hopes for the model’s utility were discussed in the 

Implications section.  The use of HLM and growth mixture modeling techniques were suggested 

in the Recommendations section as a means to add Stage 4 to this model and potentially link 

teacher preparation program variables to the larger scope of subsequent teaching impact on K-12 

outcomes as related to existing literature.
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APPENDIX A 

TEACHING CAREER CYCLE
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Course Performance in 
Teacher Preparation 

Program 
(Appendix C & D) 

Certification Exams: 
TExES PPR Scores 

Career Choice: Teaching 
 

Impact on K-12 Outcomes:  
Standardized Achievement 

Tests (Year 1)

Pre-Service  
High School 

Student Variables  
(Appendix B) 

Career Choice: 
Non-Teaching 

Career Choice: Teaching 
 

Impact on K-12 Outcomes:  
Standardized Achievement 

Tests (Year 2)

Career Choice: Teaching 
 

Impact on K-12 Outcomes:  
Standardized Achievement 

Tests (Year i)

Return arrows represent Teacher Impact 
in the form of Teachers inspiring K-12 
Students to become teachers



 
 

 117

APPENDIX B 

HIGH SCHOOL COURSE VARIABLE NAMES
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English Courses:  

 English 1:  hseng1    English 3:  hseng3 

 English 2:  hseng2    English 4:  hseng4 

 

Math Courses: 

 Algebra 1:  hsalg1    Trigonometry: hgtrig 

 Algebra 2:  hsalg2    Calculus:  hscalc 

 Geometry:  hsgeom 

 

Science Courses: 

 Biology:  hsbiol    Physiology:  hsphysio 

 Chemistry:  hschem   Physical  Sci.:  hsphysci 

Physics:  hsphys           

   

Social Studies Courses: 

 Government:  hsgovt    World History: hswhist 

 Geography:  hsgeog    U.S. History:  hsushist 
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APPENDIX C 

PRIVATE UNIVERSITY COURSE PREFIXES
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   EDEC 30001      Professional Practice Seminar  
EDEC 30014  Scientific and Mathematical Thinking through Play and Creativity: Science 

EDEC 30023  Science and Mathematical Thinking through Play and Creativity: Math 

EDEC 30033  Science and Mathematical Thinking through Play and Creativity :Play and 
Creativity 

EDEC 30103  Introduction to Early Childhood Education 

EDEC 30203  Mathematics in the Elementary School 

EDEC 30213  Promoting Language and Literacy: Early Literacy 

EDEC 30223  Promoting Language and Literacy: Elementary 

EDEC 30233  Promoting Language and Literacy: ESL 

EDEC 30234  Developmentally Appropriate Social Studies  

EDEC 41103  Learner-Centered Teaching: Assessment 

EDEC 41113  Learner-Centered Teaching: Foundations 

EDEC 41123  Learner-Centered Teaching: Families 

EDEC 41143  Learner-Centered Teaching: Management 

EDEC 41153  Learner-Centered Teaching: Practicum 

EDEC 42213  Professional Induction: Curriculum for Diverse Learners 

EDEC 42223  Professional Induction: ESL 

EDEC 42236  Professional Induction: Internship 

EDEC 50143  Early Childhood Curriculum 

EDMS 30001  Professional Practice Seminar 

EDMS 30013  Professional Roles and Responsibilities 

EDMS 40213  Promoting Literacy in the Content Areas 

EDMS 40433  Senior Seminar in Middle/Secondary Education: Mathematics 

EDMS 40533  Senior Seminar in Middle/Secondary School Education: Science 

EDMS 40633  Senior Seminar in Middle School Education: Social Studies 

EDMS 40980  Student Teaching in the Secondary School 

EDMS 50223  Practicum in Reading and ESL 
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EDSE 30001  Professional Practice Seminar 

EDSE 30013  Professional Roles and Responsibilities 

EDSE 40123  Senior Seminar in Secondary Education 

EDSE 40213  Promoting Literacy in the Content Areas 

EDSE 40433  Senior Seminar in Middle/Secondary Education: Mathematics 

EDSE 40533  Senior Seminar in Middle/Secondary School Education: Science 

EDSE 40633  Senior Seminar in Middle School Education: Social Studies 

EDSE 40980  Student Teaching in the Secondary School 

EDSE 50023  Effective Teaching and Classroom Implementation 

EDSP 30243  Academic Success in Special Education 

EDSP 30603  Study of Exceptional Students 

EDSP 40243  Professional Induction: Application of Special Education Processes and 
Programs 

EDSP 40663  Classroom Management 

EDSP 41123  Learner-Centered Teaching: Families 

EDSP 41143  Learner-Centered Teaching: Management 

EDUC 20003  Critical Investigation: Teaching and Learning 

EDUC 30113  Introduction to Educational Technology 

EDUC 30123  Educational Psychology 

EDUC 30143  Child and Adolescent Development 

EDUC 40966  All Level Student Teaching 
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APPENDIX D 

PUBLIC UNIVERSITY COURSE PREFIXES
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DFST 3123       Child Development 

DFST 4233  Guidance of Children and Youth 

DFEC 3123  Child Development 

DFEC 4243 Environmental Processes and Assessment 

EDRE 4450 Reading and Writing Birth through Grade 4 

EDRE 4860 Reading and Language Arts in Grades EC-8 

EDEE 3320 Foundations of Education: The School Curriculum 

EDEE 3380 Teaching and Learning in Grades EC-8 

EDEE 4330 Science in Grades EC-8 

EDEE 4340  Social Studies in Grades EC-8 

EDEE 4350  Mathematics in Grades EC-8 

EDEE 4101 Student Teaching in Pre-K through Grade 4 

EDEE 4102 Student Teaching in Pre-K through Grade 4 

EDEE 4103 Student Teaching in Grades 4-8 

EDEE 4104 Student Teaching in Grades 4-8 

EDEE 4105 Student Teaching in Elementary Schools 

EDSE 3800 Legal, Organizational and Professional Issues in Teaching 

EDSE 3830 Teaching/Learning Process and Evaluation 

EDSE 4060 Instructional Strategies and Classroom Management 

EDSE 4070 Teaching Diverse Populations 

EDSE 4108 Student Teaching 8-12 School 

EDSE 4118 Student Teaching in 8-12 School 

EDSE 4840 Content Reading Area: 8-12 Schools 
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APPENDIX E 

MODEL STAGING ASSOCIATED WITH PRIVATE UNIVERSITY
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Step 1 EC-4 Program: Aggregate high school transcript data into usable 
form 

EC-4 Program: Run PCA on core high school course variables 

EC-4 Program: Label resulting course components as Verbal and 
Analytic Step 2 

EC-4 Program: Generate Verbal and Analytic person ability 
estimates 

EC-4 Program: Set One: Examine 
the predictability of first 60 hours of 
GPA 

Step 3 

EC-4 Program: Run 
multiple regression and 
compare predictability of 
Verbal and Analytic 
person ability estimates to 
currently used SAT and 
ACT scores 

EC-4 Program: Set Two: Examined 
the predictability of program 
completion GPA 

Stage 1: 

Which pre-admission 
characteristics and pre-
program variables are the 
most influential in 
generating ability 
estimates, and are those 
ability estimates 
predictive of teacher 
preparation program 
completion GPA? 

Step 4 Run multiple regression using SAT verbal scores as predictors of 
cumulative GPA for all programs: EC-4, 4-8, 8-12, EC-12 

Set One: EC-4 Program Analyses 

Set Two: 4-8 Program Analyses 

Set Three: 8-12 Program Analyses 

Set Four: EC-12 Program Analyses 
Step 1 

EC-4, 4-8, 8-12, EC-12 
Programs: Use multiple 
regression to predict 
TExES PPR outcomes 
using teacher preparation 
course grades as 
predictors Set Five: Aggregated Analyses: 4-8, 

8-12, & EC-12 Programs 

 

Stage 2: 

Research Question: Do 
pre-admission and 
undergraduate program 
variables predict success 
on TExES PPR 
Certification Exams 
among pre-service teacher 
based on institution type? 

Step 2 EC-4, 4-8, 8-12, EC-12 Programs: Discuss logistic regression to 
predict the likelihood of passing or failing TExES PPR exams 

Step 1 

 

EC-4, 4-8, 8-12, EC-12 Programs: Use logistic regression to 
predict career choice (teaching or graduate studies) beyond 
program completion 

 

Stage 3: 

Do preadmission, pre-
program, program and 
certification variables 
predict career choice 1-2 
years beyond initial 
certification based on 
institution type? Step 2 

EC-4, 4-8, 8-12, EC-12 Programs: Discuss ways the collection of 
data on program completers can be improved 
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APPENDIX F 

MODEL STAGING ASSOCIATED WITH PUBLIC UNIVERSITY
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Stage 1: 

Which pre-admission 
characteristics and pre-program 
variables are the most influential in 
generating ability estimates, and 
are those ability estimates 
predictive of teacher preparation 
program completion GPA? 

Step 1 
EC-4, 4-8, 8-12, EC-12 Programs: Run multiple 
regression using SAT verbal scores as predictors of 
cumulative GPA. 

Set One: EC-4 Program 
Analyses 

Set Two: 4-8 Program 
Analyses 

Set Three: 8-12 Program 
Analyses 

Step 1 

EC-4, 4-8, 8-12, EC-
12 Programs: Use 
multiple regression to 
predict TExES PPR 
outcomes using 
teacher preparation 
course grades as 
predictors Set Four: EC-12 Program 

Analyses 

Stage 2: 

Research Question: Do pre-
admission and undergraduate 
program variables predict success 
on TExES PPR Certification 
Exams among pre-service teacher 
based on institution type? 

Step 2 
EC-4, 4-8, 8-12, EC-12 Programs: Use logistic 
regression to predict the likelihood of passing or 
failing TExES PPR exams 
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