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ABSTRACT OF DISSERTATION 

PROFILES OF SUCCESSFUL GRADUATE STUDENTS USING 

ARTIFICIAL NEURAL NETWORKING AND 

SIMULTANEOUS MULTIPLE REGRESSION

The data from graduate student applications at a large Western University 

were used to develop profiles of successful graduate students, as defined by 

cumulative graduate grade point average. Two statistical models were employed 

and compared, artificial neural networking and simultaneous multiple regression. 

The sample was divided into 3,097 masters and 805 Ph.D. students' university 

wide who entered between Fall 1990 and Spring 1994. In addition, Non- 

parametric statistics, including Mann-Whitney U and Spearman Rho were used 

to determine whether each individual variable was significantly related to 

graduate grade point average. Non-parametric statistics were used due to the 

violation of normal distribution by the dependent variable, graduate grade point 

average.

Results of the artificial neural network and regression models for master's 

students yielded similar results indicating that the combination of the college the 

student was applying for, marital status, gender, GRE verbal and analytical 

scores, and residency region of students could predict 10%-12% of the variance
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in graduate grade point average. Results of the two models for Ph.D. students 

were not as similar. The best of five artificial neural networks used the 

combination of GRE analytical, quantitative and verbal scores; gender, marital 

status, age, residency region, and citizenship continent to predict 24% of the 

variance in graduate grade point average. Multiple regression indicated that 

college, GRE verbal and analytical scores, marital status, and age could predict 

9% of the variance in graduate grade point average. Caution should be taken 

when interpreting the results of the ANN Ph.D. predictive models because two of 

the five neural networks performed worse than the regression.

Because of having more confidence in the master's data set, the 

conclusion was that artificial neural networking and simultaneous multiple 

regression provide similar results in determining which student characteristic 

variables provide the best profile of students with high graduate grade point 

averages. A better understanding of the interpretation of artificial neural network 

outputs in these types of research questions is recommended. In addition, 

maintaining accurate and complete historical databases for analyses is 

necessary.

Joan L. Anderson 
School of Education 
Colorado State University 
Fort Collins, Colorado, 80523 
Spring 2001
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CHAPTER 1 

INTRODUCTION

According to Peter Syverson, Vice President for Research and Information 

Services for the Council o f Graduate Schools in Washington D.C. (personal 

communication, February 9, 2001), on the average, approximately 50% of Ph.D. 

students entering graduate school will actually complete the requirements and 

graduate. This number varies by university, college and department. Students in 

the hard sciences, such as Biology and Chemistry have higher completion rates 

than students in disciplines such as the Humanities and Social Sciences. Mr. 

Syverson attributed this difference to issues of support for students in varying 

disciplines. In addition, master's students tend to have a higher completion rate 

(70%) than Ph.D. students (50%).. Although there is little empirical data, Mr. 

Syverson said that these figures are based on the experience of Deans. Data 

found on the University of California, San Diego web site indicated that the 

percent of Ph.D. students finishing their degrees within ten years varied from 

48% in the Social Sciences to 75% in the Health Sciences. According to the 

Graduate School office at Colorado State University, approximately 52% of 

students entering Colorado State University graduate program will graduate.

This is similar to the national average quoted by Mr. Syverson of 50%.

1
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Determining which o f the students who apply to graduate school will be 

most successful is an arduous task at best. An even more difficult task is 

determining what characteristics of applying students can be used to predict 

success. Are we asking the right questions, looking at the right statistics, and 

using the correct procedures?

It is the intention of this study to further explore the identification of 

characteristics of successful graduate students through the use of statistical 

methods such as simultaneous multiple regression and artificial neural network 

technology. Artificial neural networking (ANN) is a predictive statistical model that 

uses historical data and complicated algorithms in large data bases to find 

relationships and trends, previously unknown to the researcher, to promote 

decision support (Foley & Russell, 1998).

Studies have been conducted to identify the characteristics of successful 

graduate students. Graham (1991) studied the correlation of graduate school of 

business entrance criteria with success in a Master of Business Administration 

program. Graduate GPA was used to measure the outcome variable, success. 

Enright and Gitomer (1989) conducted a study that attempted to identify the 

characteristics of a successful graduate student. Through interviews with 15 

university faculty members, seven competencies where identified. These 

included the following: a) communication, the ability to share one's ideas, 

knowledge and insights with others; b) creativity, the ability to produce an 

unusual number of ideas or generate novel ideas; c) explanation, the giving of a 

reason or cause for some phenomenon or finding; d) motivation which includes
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commitment, involvement, and interest in their work; e) planning, the 

development of a procedure to reach some goal; f) professionalism, skills 

necessary to successfully accommodate the social conditions of a particular filed; 

g) and synthesis, the ability to  organize information into complex knowledge 

structures. The Enright and Gitomer (1989) study contrasted with Graham 

(1991), who studied competencies that should be evident at the time of 

matriculation, such as grade point average (GPA) and graduate record 

examination (GRE) scores. Lipschutz (1993) stated that institutions need to try 

harder to identify the characteristics that are germane to success. Confronting 

the practices and procedures that define policies at the graduate school level 

may constitute a manageable series of small wins. One of the most challenging 

issues is the admissions process.

There are volumes of literature about admissions at the graduate level 

(Association of American Universities, 1998; Berg, 1993; Council of Graduate 

Schools, 1994). The results o f these studies were inconsistent. Hackman and 

Price (1995) conducted a survey of all Ph.D. programs nationwide offering 

degrees in educational administration or educational leadership and found strong 

similarities between institutions with respect to admissions criteria. They 

concluded that the average doctoral program requires a minimum combined 

score of 1000 on the GRE verbal and quantitative exam scores, an 

undergraduate GPA (UGPA) o f 3.0, a graduate GPA (GGPA) of approximately 

3.23, a writing sample, a statement of goals, and a personal interview. In 

contrast, Clark and Palettela (1997), in their book written as a guide to new
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graduate students, stated that the admissions process and means of evaluation 

differ across universities, departments, and among faculty. These studies all 

focused on the admissions process and made recommendations for change 

based on the strengths and weaknesses within the studied program. There was 

little attention paid to the issues of success or failure of graduate students such 

as graduate grade point average or whether a student graduated or did not 

graduate.

However, there are several studies linking success in graduate school to 

the admissions process. Gorr, Nagin, and Szcypula (1994) conducted the most 

notable study. They compared an index used by the admission committee to 

predict graduate GPA with the predictability of artificial neural networks, linear, 

and stepwise polynomial regression. Gorret al. sampled graduate students in a 

professional school. Results indicated that none of the empirical models were 

superior in prediction to the currently utilized admissions committee model for 

selecting graduate students for admission. Fiedler, Foldesy, Matranga, and 

Peltier (1993) conducted a study of 84 chairpersons of educational administration 

departments accredited by the National Council for the Accreditation of Teacher 

Education and found that 48% were not satisfied with the effectiveness of their 

admissions criteria related to determining success in graduate school. The 

Council of Graduate Schools (1992) stated that correlating student's admissions 

credentials with the determination of success or failure is an important factor in 

determining the success of an institution's admissions process. Other studies 

have examined the prediction of academic success in graduate school through

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



5

the use of undergraduate data such as UGPA, type of undergraduate degree 

earned, and academic caliber of student's undergraduate colleges, concluding 

that UGPA was a predictor of success in graduate school (Graham, 1991; Hall, 

1992). Still other studies utilized admissions data to predict graduate school 

grades and test scores ( Fisher & Resnick, 1990; Gorr et al. 1994; Nelson & 

Nelson, 1995; Zwick, 1993). These studies determined that GPA and 

standardized test scores such as the GRE were predictive in determining 

graduate school grades.

Methodologies for the previously-mentioned studies include qualitative 

methods such as interviews and focus groups (Enright & Gitomer, 1989) and 

quantitative methods such as multiple regression techniques (Graham, 1991). 

Only one study was found which used artificial neural networks. Sadler and 

Hammerman (1999) conducted a five-year study of graduate admissions and 

concluded that maintaining or improving the quality of admissions decision 

making may be achieved by recognizing and using historical patterns. More 

research is needed incorporating the use of sophisticated, computerized, 

predictive models on historical graduate admission data to determine which 

admissions criteria are predictors of graduate school success.

Artificial neural networking (ANN) is a predictive statistical model that uses 

historical data and complicated algorithms in large data bases to find 

relationships and trends, previously unknown to the researcher, to promote 

decision support (Foley & Russell, 1998). This technology uses a computer 

model that simulates a biological neural network (VanEyden, 1996). Through the
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use of mathematical algorithms, the software accesses historical data and 

through a training process, learns to make predictions on new data sets based 

on the lessons learned from the training set.

Very few studies in the educational field have used artificial neural 

networks as a methodology. Among the few studies are Everson (1994) who 

used artificial neural networks as an approach to classifying students as 

proficient in algebra. Everson concluded that ANN technology could accurately 

classify these students into the appropriate algebra class based on historical 

data. Song and Chissom (1993) concluded in their study that the artificial neural 

network was powerful in predicting university student enrollment.

Studies have been performed to improve the selection process of 

graduate students. In addition, different methodologies have been utilized to 

facilitate this process. The results of these studies are inconsistent. Further 

research is needed in the area of graduate student success and in determining 

which types of models can accurately predict those students who are most likely 

to succeed.

Research questions

This study will address the following research questions:

Research question #1. Is there a difference in graduate GPA for master's 

and for Ph.D. students at Colorado State University between different levels or 

groups of selected admissions variables?
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Research question #2. Is there a combination of admissions variables 

that predicts graduate grade point average better than any one variable alone 

and if so, what is that combination?

Research question #3. Do artificial neural networks perform better than 

traditional statistical techniques in predicting success in graduate school as 

defined by graduate grade point average?

Variables

The potential predictor variables were:

1. College indicates where the student enrolled. There are eight colleges at 

Colorado State University: Natural Resources, Veterinary Medicine, Business, 

Applied Human Sciences, Engineering, Liberal Arts, Natural Sciences, and 

Agriculture.

2. Department indicates the department or school in which the student enrolled 

within a college.

3. Ethnicity is the student's race.

4. Gender indicates male or female.

5. Marita! status indicates single or married.

6. Entry year is the year the student was enrolled in graduate school.

7. Age at entry is the age of the student when he or she enrolled to graduate 

school.

8. Citizenship is the country where the student has indicated citizenship.

9. Original residency country is the country of residence reported by the student 

at the time of first application.
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10. Original residency state is the state of residency reported by the student at 

the time of first application.

11. Undergraduate Colorado State University grade point average is the 

cumulative undergraduate points for grades received at Colorado State 

University.

12. Undergraduate credits completed is the total number of credits completed at 

the undergraduate level.

13. GRE Analytical is the Graduate Record Examination analytical test score.

14. GRE Quantitative is the Graduate Record Examination quantitative test 

score.

15. GRE Verbal is the Graduate Record Examination verbal test score.

16. GRE Total is the combined Graduate Record Examination test score. 

Computed by adding the three section scores.

Initially there were two dependent variables, success, defined 

operationally as the graduate grade point average (GGPA) and graduate or not 

graduate.

Definition of terms

Artificial neural networks are computerized models that simulates a 

biological neural network (VanEyden, 1996). Through the use of mathematical 

algorithms, the software accesses historical data and through a training process, 

learns to make predictions on new data sets based on the lessons learned from 

the training set.
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Data mining is a computerized technology that uses complicated 

algorithms in large data bases, to find relationships, and trends, real or 

perceived, previously unknown to the researcher, to promote decision support. 

(Foley & Russell, 1998).

Graduate students are students pursuing a master's degree or Ph.D. at 

Colorado State University.

Matriculation. Students who are formally admitted to Colorado State 

University graduate school and enroll in the program.

Delimitations

This study focused on graduate admissions and did not investigate 

undergraduate success and admissions policies and procedures. Research 

indicated that there is a distinguishable difference between the two. Clark and 

Palattella (1997) compare and contrast the admissions process at the two levels 

They state that undergraduate students seldom meet the admissions committee 

They apply to an entire college or university and individual faculty have little say 

in the admissions process. According to Colbeck (1994), faculty decisions in 

admissions at the graduate level are a direct reflection of which students they 

prefer to work with and how the student's proposed research interests are in line 

with the interests of the unit or department.

The design of the proposed study was restricted to students and the 

admission data that were previously collected by Colorado State University. In 

order to obtain a large enough database, data were gathered on those students 

from Fall, 1990 to Spring, 1994. The study also did not include Master of
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Business Administration or Doctor of Veterinary Medicine students because the 

degree completion process differs greatly for them. These programs are typically 

offered in a cohort model, where students enter and progress through the degree 

process together. In addition, the requirements for degree completion are 

different. Final projects may not include a thesis, professional paper, or 

dissertation, but may require a project or residency at a clinic.

The statistical packages, Statistica, for neural networks and SPSS, were utilized 

for the data analysis. Several other statistical packages are available.

This study focused on only CSU graduate students and may not be 

generalized to other institutions. Conducting a nationwide study would be 

problematic. Different colleges within different universities have varying 

admissions criteria and standards, which would make comparison difficult. 

Limitations and assumptions

An existing archival database was used giving the researcher no control 

over the data, how it was entered into the University database and how well it 

was maintained. Surprisingly, certain information, such as undergraduate GPA 

was not complete, including only CSU undergraduate courses.

Significance

The proposed research was designed to study the potential for the use of 

sophisticated computerized modeling techniques to the admissions decision­

making process. A similar study, conducted by Gorr et al. (1994) used artificial 

neural network technology to predict graduate student GPA. That study focused 

primarily on the methodology and not as much on the variables that best predict
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success in graduate school. As mentioned previously, other studies have 

focused on the predictor variables but have utilized traditional statistical methods 

such as regression. Dawes (1971) called for more research concerning the 

determination of graduate success. The author further stated that decisions 

made through the use of computers are more systematic, economical, and 

human than decisions based on intuition.

There is a potential for a decrease in the amount of time spent on 

admissions decisions by implementing the use of ANN technology. Sadler and 

Hammerman (1999) stated that finding ways to save time without compromising 

the process is a reasonable goal.

Several studies have been performed to improve the selection of graduate 

students. Only one of these studies utilized ANN technology (Gorr, et al. 1994).

In addition, different methodologies have been utilized to facilitate this process. 

The results of these studies are inconsistent (see Chapter 2 for a discussion of 

these studies). Further research is needed in the area of determining which types 

of models can accurately predict graduate student success. The purpose of this 

study is to use simultaneous multiple regression and artificial neural networking 

to determine which combination of admissions criteria best predict success in 

graduate school for the master's and Ph.D. students at CSU.
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CHAPTER 2 

REVIEW OF LITERATURE

In reviewing the literature, a few general areas in the study of admissions 

and success in graduate school emerged. There are studies that focus on the 

admissions process without an attempt at predicting success of the students 

admitted. There are studies that address the issue of success in graduate school 

without focusing on admissions. There are several studies that focus on the 

issues of success in graduate school as determined by admissions criteria. The 

following review will look at each of these areas separately. In addition, a 

discussion of data mining and artificial neural networks (ANN) will be presented. 

Finally, a look at those studies in the discipline of education, which used ANN 

technology, will be included.

Admissions

Studies have been conducted on the admissions processes at the 

graduate level. Areas that these studies covered include motivation and plans to 

apply, recommendations and best practices for graduate admissions, the impact 

on faculty, program evaluations, standardized testing, and affirmative action.

The following will address each of these issues individually.

Motivation and plans to apply. There are volumes of literature that study 

admissions at the graduate level. Studies have been conducted that focus on 

the motivation and plans of students in applying to graduate school. Delaney

12
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(1999) completed a graduate admissions study that focused on the motivation 

and enrollment decision factors of a newly redesigned Master of Business 

Administration (MBA) program. The sample was composed of 228 students who 

responded to a mailed survey and identified factors that influenced their choices 

of university and graduate program. Students with a high level of satisfaction 

with the admissions process indicated that prompt replies to requests for 

information, individualized attention, correspondence and telephone contact with 

the admissions office, and the visit to campus were all positive experiences.

Rajecki, Lauer, and Metzner (1998) conducted a study of Purdue 

psychology undergraduate students to determine if a correlation existed between 

plans to attend graduate school and knowledge of admissions requirements. 

They found that 65% of newly admitted freshman students had plans to attend 

graduate school. This number dropped as the students progressed through the 

program. Knowledge of admission requirements and GPA accounted for only 

1 % of the variance in plans to attend graduate school. They recommended that 

at the undergraduate level, all majors be advised of the routes and barriers to 

graduate education, and that those career opportunities with a baccalaureate 

degree be explored.

Recommendations and best practices. There have been several studies 

concerning recommendations and best practices in regards to the admission 

process. The American Association of Universities Committee on Graduate 

Education (1998) presented a report recommending best practices in graduate 

education. The following admissions recommendations were put forth:
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Admissions decisions should be made with the intent of maintaining and 

improving the quality of graduate programs; departmental admission policies 

should include the goal of increasing opportunities for underrepresenied groups 

within their graduate programs; and efforts should be made to admit international 

students while maintaining the domestic talent pool.

In a study designed to determine the current status of educational 

leadership doctoral programs nationwide, 127 universities responded to a survey 

which provided data on admissions criteria (Hackmann & Price, 1995}. The 

average admissions profile included a minimum score of 1,000 on th e  graduate 

records examination (GRE), an undergraduate grade point average (GPA) of 

3.00, a graduate GPA of 3.23, and a writing sample including a persomal 

statement and an interview. New trends indicate evidence of portfolios, mentors, 

internships, field-based programs, and technology skills. It is interesting to note 

that eight of the responding universities use a point system that gave “flexibility to 

students who did not meet the grade point average (GPA) or Graduate Record 

Examination (GRE) minimum standards.

The Council of Graduate Schools published a book addressing the 

essential aspects of good graduate admissions policies, procedures, and 

practices (Diminnie, 1992). A wide range of admissions functions and the 

advantages and disadvantages of each were discussed. Each institution must 

determine the best admissions processes to achieve quality and equity within 

their institution. In addition, it is imperative that faculty involved in admissions
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decisions be aware of the issues, laws, and regulations involved in their 

university or institutional admissions policies, procedures, and guidelines.

The Council of Graduate Schools published another report (Borchert, 

1994) addressing commonly-accepted standards of good practice for masters of 

education programs in the United States. The recommended elements 

considered in admissions were application materials, including an application 

form, application fee, a cover letter, letters of recommendation, transcripts from 

all colleges and universities attended, standardized exam scores, TOFEL scores 

for international students providing proof of English language competency, and 

faculty review. The report stressed the need for well-established record-keeping 

systems. Graduate programs need accurate information to analyze their ratio of 

applicants to offers, offers to admissions, and admissions to actual enrollments. 

They need information on student profiles such as race, gender, and citizenship. 

It should also be possible to track student progress toward degree completion or 

non-completion. They further recommend that this type of analysis be available 

on an institution-wide basis.

Impact on faculty. One unique study addressed the issue of faculty and 

the impact that admission decisions have on their motivation and behaviors. 

Colbeck (1994) conducted a qualitative study of faculty at two different colleges 

to gain insight into faculty motivation and behavior. One college was a research- 

based institution while the other was a metropolitan state university. Admissions 

practices emerged as having particular importance to faculty at both types of 

universities. Researchers concluded that the type of student admitted matters to
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faculty and to their teaching and research work. In addition, students could 

contribute to research or leave the faculty with little time for research, depending 

on the caliber of student. Bright students motivate some faculty to teach with 

thought and depth while other faculty found satisfaction in helping students who 

were struggling with studies and grades. Overall results showed that highly- 

selective admissions policies are more supportive to faculty than more open 

admissions procedures.

Program evaluation. Perhaps the most common form of admission 

research focused on program evaluation and admissions procedures within 

certain institutions. Sadler and Hammerman (1999) studied the admissions 

process for the Harvard University Graduate School of Education. In this five- 

year study, the researchers explored whether the admission process could be 

accurately modeled using historical data. This study looked at the degree to 

which the committee members agree, and what level of bias existed that may 

compromise fairness in decision making. They concluded that care should be 

taken to preserve historical records for later analysis.

Multiple logistic regression models can be developed which monitor 

comparable merit of ratings categories, establish thresholds for consideration, 

and provide rankings of candidates based on historical probability o f admissions. 

The admissions process at Harvard was a successive step process, beginning 

with initial ratings by admissions committee members and concluding with a 

group rating process. The regression models were used to determine the 

amount of variance explained by each successive stage of the decision process.
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The initial ratings process explained 40% of the variance in the final selected 

cohort. The researchers concluded that the final group rating process was the 

weakest stage. It was also concluded that rater bias should be calculated and 

monitored to assure fairness to candidates.

In 1993, Berg conducted a qualitative study of graduate students in an 

educational leadership doctoral program at Northern Arizona University's Center 

for Excellence in Education. Six doctoral students in a research methods course 

participated in a focus group. One of the areas discussed included the strengths, 

weakness, and improvement suggestions for admissions. The students made 

the following suggestions for improvement of the admissions process: 

designation of an adviser at admissions; clear, itemized policies; informal 

portfolio review prior to admissions process; and interview guidelines for 

candidates to preview.

A ten-member task force on graduate curricula development at the 

College of Agriculture, University of Florida (1993) performed another study 

focusing on program evaluation. University faculty in the College of Agriculture 

were surveyed using a questionnaire. The task force found that of the 192 

respondents, 79% were satisfied with the admission policies, however; faculty at 

the research and education centers off the main campus were slightly less 

satisfied (75%), than were those on the main campus (81%).

Standardized testing and affirmative action. When addressing 

admissions, one cannot ignore the issues of the impact of standardized testing 

and affirmative action policies on decision making. There have been studies
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addressing concerns around the use of standardized tests and the admissions 

decision-making process (Hawkins, 1993; Vaseleck, 1994; Wendel, 1991).

These studies challenged the validity of the Graduate Record Examination (GRE) 

and Graduate Management Admission Test exams. Borchert (1994) reported 

that "it has long been recognized that some students do not perform as well on 

standardized tests, and these scores may not be an indicator of potential or 

talent for advanced study" (p. 32). Borchert further reported that the GRE board 

warns that scores should never be used as the sole criterion for admissions but 

rather used in conjunction with other measures of ability or scholarly promise.

Recent studies have attempted to restructure the GRE to increase its 

validity. Bennett, Morley, Quardt, and Rock (2000) investigated the functioning of 

computer-delivered responses for use in standardized testing. Enright, Rock, 

and Bennett (1998) examined the use of alternative item types and 

configurations to increase the validity of the GRE. Bennett and Sebrechts,

(1997) proposed an alternative computer-based problem solving task for 

admissions assessment. Kezar (2000) in a report on higher education trends 

from 1997-1999, indicated that universities are moving away from traditional 

assessment methods and contemplating the use of portfolios, simulation, and 

case studies in making admissions decisions.

The issue of affirmative action received serious attention in the literature in 

1996 (Browne-Miller, 1996; Cross, 1996; Garfield, 1996). There have also been 

several books published on the issue (Bowen & Bok, 1998; D'Souza, 1991;

Sacks, 1978). In a report on public policy issues in 1999 and 2000, the
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Association for Governing Boards of Universities and Colleges (2000) reported 

the following status of the affirmative action policy in higher education. The fact 

that race may be considered a plus in admissions appears to becoming 

increasingly vulnerable. In political and legal forums, opponents of affirmative 

action are active in systematic efforts to challenge admissions efforts and the 

proponents of affirmative action are gathering evidence to maintain the ability to 

use race and ethnicity in admissions decision-making. Kezar (2000) stated that 

there have been research studies on the recruitment and retention of 

underrepresented groups and concluded that what is needed now was a 

synthesis of the literature. It is not the purpose of this current research study to 

focus primarily on these issues but rather to look at all the admissions criteria 

collected and available for analysis.

Many institutions have formally studied their admissions policies and 

practices and many boards and councils have laid forth recommendations for 

best practices; however, studies are inconsistent in reporting the use of graduate 

admissions criteria across universities. Hackman and Price (1995) conducted a 

survey of all Ph.D. programs nationwide offering degrees in educational 

administration or educational leadership and found strong similarities between 

institutions with respect to admissions criteria. In contrast, Clark and Palettela 

(1997) in their book written as a guide to new graduate students stated that the 

admissions process and means of evaluation differed across universities, 

departments, and faculty. These studies all focused on the admissions process
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and made recommendations for change based on the strengths and weakness 

within the studied process. They paid little attention to the issues of success or 

failure.

Success

Fewer studies have been conducted to attempt to identify the 

characteristics of successful graduate students. Enright and Gitomer (1989) 

conducted a study designed to gain a broad understanding of the skills and 

characteristics attributed to success in graduate school. The authors felt that 

there was an absence of clearly-defined factors that contributed to success, the 

relative importance of each, their contribution to success, and how they interact. 

The researchers interviewed 15 graduate faculty members, predominately 

psychologists. Results revealed three major findings. First, the graduate 

education process was characterized as an apprenticeship which yields skills 

and characteristics that lead to success. Second, a list of these skills was 

developed and included communication, creativity, explanation, motivation, 

planning, professionalism, and synthesis. These competencies should be 

developed during the course of graduate study and may not be completely 

developed at the time a student enters graduate school. A third finding 

discussed using simulation testing as a means of demonstrating the 

competencies previously mentioned. They recommended the use of problem 

simulations or work samples as a data collection device. The use of simulation 

testing can provide a work sample that can be analyzed for indicators of 

successful performance. The authors provided examples of exercises that could
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be used to assess the development of these skills. These included structured 

background interviews, completion of an unfinished report, outlining plans for 

further research to clarify the results of a report or suggest new issues perhaps 

overlooked in the report, critiquing a paper or report, and peer-group discussions.

In 1987, Powers and Enright published an empirical study of the reasoning 

or analytical abilities that are required by graduate students for successful 

performance in graduate school. They postulated that analytical skill was 

important to successful graduate study, but that little research had been done in 

this area. Faculty from six different academic fields responded to a survey rating 

the importance of various skills on a five-point scale scale, one meaning "this skill 

is not relevant in my field of teaching" to five "there is a critically important 

difference between marginal and successful students with respect to this skill." 

Means and standard deviations were calculated for each survey question by field 

of study. The six fields of study were English, education, psychology, chemistry, 

computer science, and engineering. Analysis of variance was used to assess 

differences among the six fields. There were a large number of significant 

differences within the six fields indicating that each field placed a different level of 

importance on the different reasoning skills. There were also significant 

differences on the number of skills that were deemed important within each field. 

There were, however, general skills that were viewed as important across all 

disciplines. These include "reasoning or problem solving in situations in which all 

the information is NOT known" (M = 4.24). Reasoning errors like "accepting the 

central assumptions without questioning them" (M = 3.96), "being unable to
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integrate and synthesize ideas from various sources" (M = 3.96), and "being able 

to generate hypotheses independently" (M = 3.94) (Powers & Enright, 1987, p. 

670). The researchers concluded that graduate admissions decisions were 

seldom based on the examination of that which is truly expected of graduate 

students and suggest that the type of information gathered in this research would 

be a better basis for assessment.

Reilly (1976) conducted a study using critical incidents to collect faculty 

ratings on graduate student performance. The researcher began by empirically 

defining sets of criteria which graduate faculty can use to base judgments of 

graduate student success. These performance factors included independence 

and initiative, conscientiousness, critical facility, enthusiasm, research and 

experimentation, communication, teaching skills, and persistence. In addition, 

data were gathered to determined the difference in importance that faculty 

members from different disciplines placed on each factor. Data were collected 

from 227 departments and 1,299 faculty across chemistry, English and 

psychology. The mean importance rating for each incident within each 

performance factor was calculated and correlations between disciplines were 

obtained. Importance ratings were most similar for psychology and chemistry 

(r=.87), and least similar for chemistry and English (r=.27) with the largest 

difference placed in the research and experimentation factor. The mean 

importance rating of this factor for chemistry was .46, English at .35, and 

psychology at .52.
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Lipschutz (1993) stated that institutions need to try harder to identify the 

characteristics that are germane to success. Confronting the practices and 

procedures that define policies at the graduate school level may constitute a 

manageable series of small wins. One of the most challenging issues is the 

admissions process. Diminnie (1992) stated that "an important factor in 

evaluating the success of the admissions process is the determination of student 

success (or failure) as correlated with his or her admissions criteria" (p. 35). 

Admissions and success

Fedler, Foldesy, Matranga, and Peltier (1993) conducted a study of 84 

chairpersons of educational administrative departments accredited by the 

National Council for the Accreditation of Teacher Education and found that 48% 

were not satisfied with the effectiveness of their admissions criteria for 

determining success in graduate school. The Council o f Graduate Schools 

(Diminnie, 1992) stated that correlating student's admissions credentials with the 

determination of success or failure is an important factor in determining the 

success of an institution's admissions process. There are various studies in the 

literature that link success in graduate school and the admissions process (see 

Table 1).
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Table 1
Summarization of Research Articles Studying Graduate Admissions and Success

Author(s) and Publication Year Dependent Variable(s) Significant 
Independent Variables(s)

Sample & Size Statistical Analysis

Nelson & Nelson (1995) Master's Degree Completion 9 hour GPA 
Quantitative GRE 
Analytical GRE 

Admission (probationary or not)

1,533 students 
mixed disciplines

logistic regression

Gorr, Nagin & Szczypula (1994) Graduate GPA 
Accuracy of Decision Making

GPAs from prerequisites 
Total GPA 
Residency 

Transfer status

224 students at 
North Dakota State 

Bachelors of Science

Artificial Neural Nets 
Linear Regression 

Stepwise-polynomial 
Reqression

Fiedler etal. (1993) Academic & Career Success 
(no further def. Provided)

Undergraduate GPA 
English Proficiency Test Score

84 dept, chairs 
educational admin.

descriptive statistics 
Survey Data

Kinget al. (1993) Graduate GPA Quantitative GRE Potential admittees 
in a recent class

Regression

Morrow (1993) Graduate GPA Analytical GRE 
Quantitative GRE 

Verbal GRE

171 students 

W. Carolina University

Stepwise Multiple 

Regression
Zwick (1993) First-year GPA 

Final GPA
Undergraduate GPA 

Verbal GMAT 
Quantitative GMAT

5,000 MBA students Bayes Regression 
Models

Hall & Bailey (1992) First year GPA MCAT
Undergraduate science GPA 

Colleqe selectivity

420 medical students 
Dartmouth

Pearson Correlation

Graham (1991) Graduate GPA GMAT 
Undergraduate GPA

100 MBA students Multiple Regression

Fisher & Resnick (1990) First-year GPA Total GMAT 
Undergraduate GPA

530 MBA students Multiple Regression

Paolollo (1982) Graduate GPA Junior/Senior GPA 
GMAT 

Full/Part-time Attendance

220 MBA students Step-wise Linear 
Regression

Youngblood & Martin (1982) Graduate GPA GMAT 
Undergraduate GPA

406 MBA students Step-wise Regression

Kirnan & Geisinger (1981) Master's Comp. Exam All three GRE scores 
MAT

114 students 
A New York Univ.

Step-wise Multiple 
Reqression

Brown & Weaver (1979) Graduate GPA 

Degree Completion

Undergraduate GPA 
Verbal GRE 

Graduate GPA

129 Students 
Indiana U./journalism

Regression 

Discriminate Analysis
Jenkins (1972) Admission Status (prob/reg) Undergraduate GPA 107 students 

CSU Voc. Ed.
Chi-square

Dawes (1971) Accuracy of decision making Quantitative models are better 
than clinical judgment

111 students 
U of Oregon/Psych.

Multiple Regression 
Clinical Judgment
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Accuracy of admissions committee decision making. Gorr, Nagin, and 

Szczypula (1994) conducted a notable study. They compared an admissions 

committee index, artificial neural networks, linear, and stepwise polynomial 

regression to determine the best predictor of success as measured by GPA. The 

researchers sampled three years of students from North Dakota State 

University's College of Pharmacy. Predictor variables included prerequisite 

college coursework grades in chemistry, zoology, mathematics, and English; total 

GPA; residency of North Dakota or not, partial transfer student (was some 

prerequisite coursework done outside of North Dakota State University), and total 

transfer student (all prerequisite coursework done outside of North Dakota State 

University). Although the artificial neural network outperformed the regression 

models by identifying non-linear patterns, it was not a better predictor of the 

dependent variable. Linear regression was the worst overall, and multiple 

regression performed the best overall, but results indicated that none of the 

differences in the empirical models were significant at the .05 level. Results also 

indicated that none of the empirical models were superior in prediction to the 

currently utilized admissions committee index. The Gorr et al. (1994) study is 

notable in that it is closely related to this research in methodology. Further 

comparative discussion is presented in the results and discussions chapters.

A previous study by Dawes (1971) took a similar look at admissions. The 

study focused on the decision making process rather than the validity of the 

admissions variables. Dawes reviewed the literature on admissions criteria as a 

predictor of success up to 1 969 and concluded that the results "revealed
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disappointing predictive validity" (p. 180). Based on Dawes' conclusion, the focus 

of the study was on whether psychologists make better clinical judgments on 

applicants than can be made by a quantitative analysis of the data on which they 

base their decisions. Faculty rated 111 student files and a rating on a scale of 

one-five was assigned, five being outstanding. Dawes then took the same 

students with the variables undergraduate GPA, quality of undergraduate 

institution (Ql), raw GRE scores, and the average rating made by the admission 

committee (AR) and using multiple regression, the correlation between 

undergraduate GPA, Ql, and GRE scores with the average rating made by the 

admissions committee was determined. Results showed that quantitative 

analysis was a better predictor of student's success than the clinical judgment of 

the admissions committee. This contradicts Gorr, et. al (1994) which determined 

that admissions committees' judgments on graduate school success were 

superior to statistical models including artificial neural networking. Dawes further 

concluded that research is needed concerning the determinants of graduate 

success which has been answered to by a multitude of studies in the area of 

admissions and graduate student success.

Probationary vs. regularly admitted students. Jenkins (1972) studied 107 

Colorado State University graduate students from Vocational Education. 

Graduates were classified by type of admission, either regular or probationary. 

Jenkins determined that there was a significant relationship between 

undergraduate GPA and the type of admission. A chi-square of 3.84 was 

needed for statistical significance and the study reported a chi-square of 16.10
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(jd < .001). in addition, the author studied whether certain biographical 

information, personal history, undergraduate GPA, teaching experience, and 

educational background were related to graduate admission type. The results 

indicated no significant correlation between admission type and any of the 

biographical factors. Lastly, Jenkins looked at whether undergraduate GPA and 

biolgraphical factors were predictive of graduate GPA and found no significant 

correlation.

Nelson and Nelson (1995) conducted a study of graduate students at a 

medium-sized university to determine which combination of admissions criteria 

best predicted success in graduate school for those students admitted on a 

probationary basis. They compared regularly-admitted students to those 

admitted on a probationary basis in the areas of GPA after the first nine hours of 

study; GRE verbal, quantitative, and analytical scores; and final graduate GPA. 

Results indicated that probationary students did not perform as well as regularly- 

admitted students on any of the measures of achievement such as GRE scores. 

They also found that a smaller percentage of probationary graduate students 

actually completed the degree requirements. The most significant variable for 

predicting completion of the degree was the GPA after the first nine hours of 

study for both the regularly-admitted students and the probationary students. 

Jenkins (1972) found that there was a relationship between undergraduate GPA 

and type of admission. Analytical and quantitative GRE scores were significant 

predictors for probationary students but not for regularly- admitted students. The
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logistic regression model accurately predicted 90% of the cases where the 

student was actually successful in completing the degree.

Graduate Record Examination scores and undergraduate grade point 

average. Brown and Weaver (1979) conducted a study of 129 graduate students 

from Indiana University's graduate journalism program. They studied whether 

undergraduate GPA, undergraduate major GPA, verbal GRE score, and 

quantitative GRE score were predictors of graduate GPA, and completion of the 

degree program. Of the four predictors studied, it was determined that although 

weak, undergraduate GPA was the best predictor of graduate GPA (r=.27). With 

all four variables combined, they could account for 26.5% of the variability in 

graduate GPA. Other major findings of the study concluded that a high overall 

undergraduate GPA and a high verbal GRE score increased the students’ 

chances for high grades in graduate school. In addition, high graduate grades 

increased a student's chance for graduate degree completion.

Kirnan and Geisinger (1981) conducted a study to determine if certain 

admissions data - - the three GRE scores, Miller Analogies Test (MAT) score, 

and undergraduate GPA -could predict performance on a master's 

comprehensive exam. A student group of 114 from a large New York University 

were included in the study. Statistically significant correlations were found for all 

three GRE scores, GRE verbal (r=.43, p<.001), GRE quantitative (r=.27, p<.01), 

and GRE advanced (r=.32, p<.01). The MAT score was also a significant 

predictor (r=.34, p<.001). Undergraduate GPA was not a significant predictor at 

the .05 level of performance on the master’s comprehensive exam.
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Career success. A study by Fielder, Foldesy, Matrange, and Peltier

(1993) sought to determine what admission criteria used by the National Council 

for Accreditation o f Teacher Education accredited doctoral programs of 

educational administration were related to academic and career success. 

Department chairs from 84 programs nation-wide were surveyed, and they 

indicated that previous grades (30%) and English writing proficiency test scores 

(26%) were the most effective predictors of academic success. In addition, the 

study determined that almost half of the department chairs where not satisfied 

with the effectiveness of their admissions criteria in predicting success in 

graduate school (48%). The GRE test scores and letters of recommendation 

from personal sources where determined to be the least effective predictors of 

academic success. This study was based on the opinion of department chair 

persons who used personal experience as their motive for determining which 

measures are predictive of graduate school success. It is important to note that 

not all students applying to graduate school have English proficiency test scores. 

International students use this type of test score. In addition, the results of this 

study are not consistent with the literature that indicates GRE test scores to be 

accurate predictor's of success in graduate school.

For example, a study of the Department of Government at Harvard 

University (King, Bruce, & Gilligan, 1993) quantitative GRE scores were 

determined to be the best predictor of grades in graduate school, but grades 

were not good predictors of success in graduate school or professional success. 

The authors further concluded that admissions committees were able to make
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accurate predictions about which students would succeed if admitted. This study 

is contradictory to a previous study by Dawes (1971) who concluded that 

empirical models are better predictors of success than clinical judgments made 

by admissions committees. However, Gorr et al. (1994) later confirmed the King 

et al. results concluding that statistical models and artificial neural networking did 

not produce superior results to the admissions committee decisions.

A study at Western Carolina University (Morrow, 1993) sought to validate 

the admissions standards of their master's degree program in counseling. Four 

members of the faculty rated 171 graduate students as exemplary or marginal 

with respect to their demonstrated ability and/or potential to represent the 

program and profession. These ratings where subjective and faculty did not 

have access to the admissions records in making these determinations. The 

criteria for making these recommendations were not discussed in the article. The 

author then correlated the faculty ratings with the following admissions criteria: 

undergraduate GPA, GRE verbal scores, GRE quantitative scores, and GRE 

analytical scores. Undergraduate GPA correlated highest with the faculty ratings 

(r=.42, p<.05). The two GRE scores did not yield significant correltations. 

Additional tests were run using graduate GPA and GRE analytical scores (these 

score were not currently being used in the admissions decision-making process). 

Graduate GPA correlated significantly with faculty rating (r=.79, p<.01) and 

analytical GRE scores also correlated significantly with faculty ratings (r=.60, 

p<.05). Additional tests were run using graduate GPA as the outcome variable 

and it was determined through stepwise multiple regression that GRE analytical
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scores were the most powerful predictor of graduate GPA (r=.57, p<.01) 

accounting for 33% of the variance. The addition of undergraduate GPA 

increased the correlation to .64, accounting for an additional 8% of the variance. 

It was not surprising to learn that the admissions standards were changed as a 

result of the study. Minimum GPA and GRE scores were increased and 

analytical GRE scores were added to the admissions criteria.

Graduate Management Aptitude Test (GMAT) scores and undergraduate 

grade point average (GPA). A study conducted in 1982 by Youngblood and 

Martin concluded that GMAT scores and undergraduate GPA (r=.51) were the 

best predictors of success in graduate school as defined by graduate GPA. Later 

studies also attempted to determine the predictability of GMAT test scores on 

graduate student success. A 1990 study by Fisher and Resnick studied 530 

incoming MBA students at Baruch College in New York. The study sought to 

relate factors used in the MBA admissions with first year GPA. Factors included 

sex, age, years since completion of undergraduate degree, date of acceptance, 

undergraduate GPA, undergraduate GPA of junior/senior years, total GMAT, 

verbal GMAT, and quantitative GMAT. Using stepwise regression, results 

indicated that the best predictor of first-year GPA is the combination of 

undergraduate GPA plus total GMAT (r=.27). No significant difference was found 

between using the quantitative GMAT score or the verbal GMAT score. Also, 

there was no predictive value in the junior/senior GPA.

Paolollo (1992) studied 220 graduates from a Master of Business 

Administration (MBA) program at a medium sized university and found
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junior/senior GPA to have predictive significance of graduate GPA at the .01 

level. These results were inconsistent with Fisher and Resnick's (1990) results 

that indicated that junior/senior GPA had no predictive value. Paolollo's predictor 

variables included GMAT scores, junior/senior undergraduate GPA, number of 

hours required by the MBA program, age, undergraduate major, attendance (full­

time verses part-time), veteran status, sex, undergraduate university, marital 

status, and other graduate degrees held. Paolollo (1992) found four variables to 

be significantly related to GGPA. Undergraduate GPA (r=.35, p<.001), GMAT 

score (r=.26, p<.001), attendance (full-time verses part-time) (r= -.18, p<.01), and 

gender (r=.14, p<.05) indicating that females had higher graduate GPAs. None 

of the other variables were significant at the .05 level.

Graham (1991) studied the correlation of graduate school of business 

entrance criteria with success in a Master of Business Administration program as 

defined by graduate GPA. A total of 100 students were studied, 50 who had 

taken the GMAT and 50 who had taken the Miller Analogies Test (MAT). The 

predictor variables included number of semesters in the program, undergraduate 

GPA, age, sex, ethnicity, marital status, GMAT scores, MAT scores, number of 

years since undergraduate degree, and the type of undergraduate degree. In the 

GMAT group, the GMAT score had a higher correlation with graduate GPA 

(r=.41) than any of the other variables. In a stepwise regression, the GMAT 

score was the first to enter the equation and accounted for half of the variance. 

The GMAT score was the only significant variable at the .05 level in the stepwise 

regression equation (R=.41). In the MAT group, MAT score, ethnicity, and
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Undergraduate GPA had significant correlation with Graduate GPA. The first 

variable to enter the stepwise regression model was ethnicity, followed by 

Undergraduate GPA, and then the MAT score. The author noted that the strong 

relationship of ethnicity (R=.43) was interesting in that it was not consistent with 

the GMAT group. Graham mentioned that this study was consistent with 

previously cited research in which standardized test scores and undergraduate 

GPA are the most important predictor variables.

Zwick (1993) examined the degree to which Graduate Management 

Admissions Test (GMAT) scores and undergraduate GPA (UGPA) predicted first- 

year and final GPAs o f students in a doctoral program in Business and 

Management. Over 5,000 students were studied using an empircal Bayes 

regression approach. The results indicated that UGPA was a better predictor 

alone than the GMAT verbal and quantitative scores. However, using ail three 

predictors was more effective than any one alone. Final GPA was more 

accurately predicted than the first-year GPA. In comparing these predictors to a 

group of master's of business students, these predictors were more accurate at 

the master's level than the doctoral level. They attributed this difference to the 

increased selectivity o f the doctoral program.

Hall and Bailey (1992) conducted a study of the first-year academic 

performance of graduate students at Dartmouth Medical School. The study 

looked at 420 students entering Dartmouth between 1982 and 1986. The 

purpose was to determine whether the admission criteria used for selection were 

predictive of the first-year academic performance. The criteria included the
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Medical College Admissions Test (MCAT), undergraduate science GPA, and 

college selectivity (the academic caliber o f the student's undergraduate college). 

Results indicated that college selectivity scores were predictive of undergraduate 

science GPA. College selectivity groups could account for 69.9% of variance in 

science GPAs; however, there was no significant difference between the groups 

for MCAT scores and first-year GPAs. The MCAT scores correlated significantly 

with first-year GPA, ranging from .334 to .469 (p<.001). The MCAT and 

undergraduate science GPA predictability on first-year GPA improved when 

college selectivity scores were included. Overall, the authors determined that the 

combination of the three variables were useful in identifying successful graduate 

students.

Conclusions

It is clear from the literature that there are numbers o f studies on the 

predictability of admissions criteria related to graduate school success. The 

studies are surprisingly similar in design. Samples consisted of students from 

the particular school or department being studied. The predominant dependent 

or outcome variables utilized in these studies were first-year graduate GPA and 

overall graduate GPA. Only two studies used degree completion as a definition 

of success (Brown & Weaver; 1979; Nelson & Nelson, 1995). The differences lie 

in the significant independent or predictor variables, which were highly 

inconsistent. Some studies found that undergraduate GPA was a significant 

predictor of graduate success (Brown & Weaver, 1979; Youngblood & Martin, 

1982), while others claimed the inverse (King et al. 1993; Kirnan & Geisinger,
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1981). Although standardized test scores were a common outcome, there is 

disagreement on which standardized scores were the better determinant. These 

results could be due in part to the fact that different schools and departments 

utilize different GRE scores in making admissions decisions. Quantitative GRE 

scores were significant in Nelson and Nelson (1995) and King etal. (1993). 

Verbal GRE score was significant in Brown and Weaver (1979). Analytical GRE 

scores were significant in Nelson and Nelson and Morrow (1993).

Similar disagreement was seen with the use of quantitative, verbal, and 

total GMAT scores. Sample sizes ranged from 84 (Fiedler et al. 1993) to 5,000 

(Zwick, 1993) with the majority of the studies ranging from 100-500 graduate 

students. Methodologies covered quantitative methods such as correlation (Hall 

& Bailey, 1992), and multiple regression techniques (Graham, 1991; Kirnan & 

Geisinger, 1981; Youngblood & Martin, 1982). Logistic regression was used by 

Nelson and Nelson (1995) and discriminate analysis in the study by Brown and 

Weaver (1979). The use of logistic regression was most likely due to the 

dichotomous dependent variable of complete or non-complete. Only one study 

used artificial neural networks (Gorr et al. 1994). More research is needed 

incorporating the use of sophisticated computerized predictive models on 

historical graduate admission data to determine which admissions criteria are 

predictors of graduate school success. Sadler and Hammerman (1999) 

concluded that maintaining or improving the quality of admissions decision 

making might be achieved through recognizing and using historical patterns.
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Data mining and artificial neural networks

Artificial neural networks are a form of data mining. Data mining is a 

relatively new computerized technology that uses complicated algorithms to find 

real or perceived relationships and trends in large databases, previously 

unknown to the researcher, to promote decision support. Data mining is 

currently in a state of growth. With new products and consumer demand on the 

rise, the market for software utilizing data mining is expected to expand from its 

current $3.3 billion to $8.4 billion by the year 2000 (Foley & Russell, 1998).

Data mining has been referred to as a statistical process of analyzing data 

stored in a data warehouse (Decker, 1998). A data warehouse is an extensive 

data repository consisting of information from all facilities of an organization's 

operations, including external sources, that is maintained to support decision­

making. Data within the warehouse is manipulated to create easy access by 

data mining tools. Data mining is possible, but more difficult without a data 

warehouse. Smaller, downsized versions of data warehouses can be created. 

These are known as data marts and focus on one particular area of a database 

such as credit card users (Decker, 1998). Data marts are less expensive and 

can operate in a much smaller environment.

There are many types of data mining techniques. These include market 

basket analysis, memory-based reasoning, cluster detection, link analysis, 

decision trees and rule induction, and artificial neural networks (Berry & Linoff, 

1997). Artificial neural networking is a predictive form of data mining that through 

the use of historical data uses complicated algorithms to determine relationships
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and trends in large data bases (Foley & Russell, 1998).

An ANN is a model that simulates a biological neural network (VanEyden,

1996). They are models of the interconnections in the human brain adapted for 

use on digital computers. In general, ANNs learn from a training set of data, 

generalizing patterns within the data for the purpose of prediction (Barry & Linoff,

1997). There are three basic steps in developing an ANN. First, the network is 

trained with existing data, then tested with data composed of known outputs. 

Testing is a process of confirming the predictability and accuracy of the 

previously trained network. Finally, the network is used to perform predictions on 

data with unknown outputs.

Examples of areas where ANNs have been applied successfully include 

the medical field where ANNs have been used to determine predictive patterns 

so that the appropriate treatment can be prescribed. Lapedes, Steeg, and Farber

(1994) used ANNs to predict new protein structures and studied DNA sequencing 

(Lapedes, Barnes, Burks, Farber, & Sirotkin, 1988). ANNs have been studied in 

the assessment of patients' response to drug treatments (Valafar & Valafar, 

1999), drug dose prediction (Lada, Brier, & Zurada, 1999) and heart rate 

variability (Bezerianos, Papadimitriou, & Alexopoulos, 1999). ANNs are used in 

stock market prediction by technical analysts, credit assessment to identify 

characteristics of applicants for classification as a good or bad credit risk, and 

foreign currency exchange rate forecasting (Pandya, Kondo, Talati, & 

Jayadevappa, 2000). Additional uses include engine management, where ANNs 

can monitor engine functions and aid in achieving goals such as minimized fuel
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consumption (VanEyden, 1996), and flood occurrence predictions (Bodri & 

Cermak, 2000). A more detailed description of the internal functions of the ANN 

will be outlined later. First, it is important to briefly discuss the working of the 

biological neuron to aid in understanding the function of the ANN.

The human brain, specifically the cerebral cortex, is composed of many 

layers of interconnected neuron cells. Within the cerebral cortex, characteristics 

such as intelligence, interest, awareness, and the abilities to adapt and learn 

reside. There are over one hundred billion neurons in the human brain (see 

Figure 1). These neurons are specialized nerve cells which transmit information 

to other neurons or other parts of the body and are made up of three parts. The 

soma contains the cell nucleus and other activity support systems. In the soma, 

incoming signals are added up over time until the soma decides when and how 

to respond to these inputs. When the input summation process reaches a certain 

threshold, the neuron will fire, if that threshold is not reached, the neuron remains 

inactive. The dendrites, surrounding the soma are the receptors for signals 

generated by other neurons creating a sort of network. The axon is the outgoing 

connection. When the neuron fires an electrical impulse, it travels down the axon 

to the boutons, which are connected to other dendrites in other neurons 

(VanEyden, 1996).
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Figure 1. A biological neuron (VanEyden, 1996, Pg. 25).

How does the human brain learn? VanEyden (1996) discusses four 

schools of thought that are worth noting.

1) The traditionalist: the human brain learns because of mental states, not 

physical states of the mind.

2) The theory of reduction: The integration of psychological and 

neurobiological theories. Reductions are explanations of phenomena 

in one theory described in terms of a more basic theory.

3) Connectionism theory: Learning is a matter of making connections 

between stimuli and responses, where a response is any behavior and 

stimuli is any input that affects this behavior.

4) The theory of cognition: Views the brain as a connectionist model 

characterized by connections with different strengths between 

processing units. Neural networks can be used to test this cognitive
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theory or more sirmply, to test current ideas based on biological 

research and matlhematical theory.

How does an ANN fuinction? In its simplest form, an ANN is composed of 

three layers (see Figure 2). An input layer, where the network receives data; a 

hidden layer, which performs functions analogous to the biological neuron; and 

an output layer, which collects features discovered and produces responses. 

ANNs can be simple models; with few input units, one hidden layer, and a single 

output unit, or they can be composed of numerous hidden layers and numerous 

output units. A further explaination of the steps that an ANN completes in the 

training process will be explained in Chapter Three.
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The advantages of artificial neural networks

Using artificial neural networks on research has its advantages. 

Discussions of the advantages of power and non-linearity, learning ability, ease 

of use, control of complexity, and accurate results are all present in the literature. 

Each of these is discussed in the following section.

Power and non-linearity. Easily, the most important advantage of ANN'S is 

their non-linear power. ANNs are sophisticated modeling techniques that can 

perform extremely difficult and complex functions. Traditionally, linear models 

have been the most commonly-used techniques to handle predictive functions. 

However, often this assumption of linearity was not valid. ANNs are non-linear 

modeling tools, more in tune with real world situations (StatSoft, 1998).

The ability to learn. Through the use of complicated algorithms, ANNs 

have the ability to learn from experience, much like the biological neuron. By 

using data with known outputs, the network can run through what is termed a 

training mode and actually learn to make accurate predictions based on new data 

introduced (Zang, Patuwo, & Hu, 1997).

Ease of use and availability. According to StatSoft (1998), the level of 

knowledge required to successfully use and apply neural networks is much lower 

than that needed to apply traditional statistical techniques. ANN software 

packages are becoming increasingly more available and affordable in off-the- 

shelf applications. Users who simply want to load the software, run through a
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simple tutorial, and trust the output to be valid, will find the system fairly easy to 

use compared to traditional methods.

Control o f complexity and versatility. ANNs can perform fairly simple 

modeling functions such as the basic three layer network described earlier, up to 

extremely complex networks with a large number of input units and multiple 

hidden layers. The complexity of the network can be easily adjusted and several 

examples can be run on the same data set to optimize the results. ANNs can 

easily be adjusted to perform prediction, classification, or even clustering 

functions. This control is one of the reasons that ANNs are increasing in 

popularity (Berry & Linoff, 1997).

Accurate results. ANNs have proven themselves in industry to produce 

accurate results (Berry & Linoff, 1997). They can perform well in very 

complicated domains such as time series designs and fraud detection. 

Disadvantages of artificial neural networks

Although the literature supports many advantages to using artificial neural 

networks, there are also disadvantages. These include the nature of the input 

data, the inability for ANNs to explain the results, the possibility of ANNs 

converging on inferior results, and the size of the database needed. Each of 

these disadvantages is discussed in greater detail in the next section.

Nature of input data. ANNs will only accept numerical input data. All 

categorical data must be recoded. Input data must also be massaged or 

transformed to usually values between 0 and 1. This requires additional time, 

CPU power, and disk space. The choice of transformation may also effect the
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outcome of the ANN. Fortunately, most software applications provide data 

transformation modules to help users through this process (Cabena, et al. 1998; 

Berry & Linoff, 1997).

Inability to explain results. The inability to explain results has been 

claimed to be the biggest disadvantage of ANNs (Berry & Linoff, 1997). If the 

output must be explained, such as denying a loan or admissions to graduate 

school, ANNs may not be the tools of choice. It is recommended that ANNs be 

used when results need to be acted on, not explained. The upside to this 

disadvantage, is that ANNs can provide sensitivity analysis, explaining which 

input variables where more important then others. Sensitivity analysis is one way 

o f over-coming the lack of ability to explain the rules.

ANNs may converge on an inferior solution. Converging on an inferior 

solution is also referred to as finding the local minimum instead of the global 

minimum. As the network trains, its goal is to minimize the difference between 

the current error and the desired error. Even though ANNs can be adjusted to 

lower the error, it is never certain whether the error could be lower. To further 

understand local verses global error, the concept of error surface provides 

insight. Each of the weights and thresholds of each of the inputs are a point in 

space. These errors can be plotted to form an error surface. The objective in 

training an ANN is to find the lowest possible point on that surface. As the ANN 

trains, it is basically exploring this surface. When it comes to an area where an 

additional run of the network either increases the error or no change is detected, 

it assumes it has reached the minimal error. This point on the surface could
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simply be a depression in the surface and not the lowest possible point (StatSoft, 

1998).

Size of database. ANNs require very large databases of hundreds, 

sometimes thousands o f cases. Several hundred are needed to train the 

network and hundreds more to test the network before actual predictions can 

take place. This could be prohibitive to certain studies where this amount of data 

is not available (StatSoft, 1998).

As was indicated by the previous section of the literature review on 

admissions and success in graduate school, the most common methodology 

utilized by researchers is multiple regression. Snyder (1996) stated that one of 

the easiest places to integrate neural networks is to follow on the study of 

regression. Snyder stated that the goal of regression is to determine a functional 

relationship between a dependent variable and one or more independent 

variables. The researcher hypothesized a relationship and then used a 

computer-based software package, such as SPSS, to determine the best fit for 

that regression model. In contrast, a neural network model is presented with 

independent data as input and dependent data as output and is trained until it 

can accurately predict the output data given the input data. The network is then 

given new input data that it has not been exposed to and it proceeds to predict 

an output value.
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Reasons why artificial neural networks are superior to traditional statistical 

methods

Despite the disadvantages of artificial neural networks, there are 

researchers who maintain that these networks are superior to traditional 

statistical methods. The reasons for superiority fall into four major categories, 

data-driven; self-adaptive models; generalizability; general and flexible functional 

forms; and non-linearity. Each of these is discussed in the following section.

ANNs are data-driven, self-adaptive models. As a result o f the data- 

driven, self-adaptive ability of ANNs, there are few assumptions about the 

models for the problems that are being studied. They learn from a training set 

composed of examples and have the ability to detect subtle relationships among 

the data regardless of whether these relationships are unknown or hard to 

describe (Zhang, et al. 1997). ANNs are well suited to finding solutions to 

problems that require knowledge that is difficult to specify, providing enough data 

is available. The ability to find solutions coupled with the ability to learn makes 

these very useful tools in determining what variables indicate success in 

graduate school. Zhang et al. stated that it is better to have data than good 

theoretical guesses.

ANNs can generalize. After they have learned through the training 

process, ANNs can often infer the unseen part of a population even if there was 

missing or "noisy" data in the training sample. Prediction of future behavior (the 

unseen part) is performed from examples of past behavior. This aspect of 

generalizability is ideal in answering any predictive question.
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ANNs have more general and flexible functional forms. ANNs have more 

general and flexible functional forms than the traditional statistical methods can 

effectively deal with (Zhang et al. 1997). All predictive models assume there is a 

relationship between the input (independent variables) and outputs (dependent 

variables). Traditional statistical methods are limited in their abilities to identify 

these underlying relationships. With the flexibility of ANNs ability to determine 

weights of inputs, number of hidden layers, and learning algorithms, the ability to 

uncover relationships is greatly enhanced. Relationships between variables that 

can predict success in graduate school may be discovered through the use of 

ANNs that would be difficult, at best, to determine through the use of traditional 

methods.

ANNs are non-linear. Traditional statistical predictive models have by- 

and-large been linear in nature. However, more often than not, the underlying 

relationships are non-linear in nature. Real-world systems are often non-linear 

(Zhang et al. 1997). There are non-linear models, which have been developed to 

address this issue. However, these methods are still limited in that some 

relationship must be hypothesized with little knowledge of the actual underlying 

law. Oftentimes there are numerous non-linear relationships which traditional 

non-linear models are not capable of detecting. The data driven aspect of an 

ANN makes it capable of performing non-linear modeling without any prior 

speculation into the relationships that exist. Non-linear modeling make ANNs a 

more flexible and general tool for prediction.
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Zhang et al. (1997) conducted a review of the literature from 1989 to 1995 

which compared ANNs to other traditional statistical methods and the results 

were mixed. Of the 24 studies examined, 11 compared ANNs to regression 

techniques. Three studies found ANNs to be inferior to regression techniques in 

predictability; three studies found ANNs to be no better; and five studies reported 

that ANNs were superior to traditional regression techniques in predictive 

functions. Similar results were found in a series of studies on predicting scores 

for an AIDS risk test (Chance, MacLin & Lykins, 1993; Lykins & Chance, 1992b; 

MacLin, Chance, & Lykins, 1993). All three studies confirmed that ANNs 

outperformed regression in AIDS risk predictability.

Research in the educational field and artificial neural networks

Very few studies in the educational field have applied artificial neural 

network technology in their research. Baker and Martin (1998) took an 

interesting approach to using neural network technology to further understand 

the underlying brain functions that take place in learning. They examined the 

way that neural networks are formed during the training phase and use that 

information to postulate how neural connections are formed in the human brain 

during the learning process. The researchers took an interesting approach, in 

that previous literature uses the brain to understand how a neural network 

functions, not the inverse.

in a study of the Italian schooling system (Carbone & Piras, 1998), ANN 

technology was implemented into the public school system. Its purpose was to 

predict which students were at risk of failure, to optimize an intervention strategy
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for those "at-risk" students, to verify the effectiveness of the interventions, and to 

produce scenarios that determine optimum strategies of intervention. The project 

is called the "Palomar Project."

Clariana (1998) wrote a paper describing ANN technology applications in 

curriculum design and classroom data management. The study suggested 

several applications for use: automatic indexing of textbooks allowing teachers to 

locate specific pages in tests that support lesson plans; cross-referencing any 

two sets of standards, like curriculum and state mandated tests to verify that 

curriculum meets the state test requirements; identifying videos, books, internet 

sites and instructional software to create a resource-based lesson directly 

supporting a teachers thematic unit.

An empirical study conducted by Everson (1994) used ANN technology to 

make classification or placement decisions based on proficiency in algebra. A 

look at prior academic achievement, math test scores, and test anxiety was used 

to determine proficiency in basic algebra. In addition, the study went on to 

assess whether ANNs outperformed traditional statistical techniques. It was 

concluded that ANNs outperformed these traditional methods and may lead to 

higher rates of classification accuracy.

Another empirical study conducted by Song and Chissom (1993) used 

ANN technology to predict enrollments at the University of Alabama. They 

concluded that ANNs were effective when applied to forecasting enrollments.

Gorr et al. (1994) used incorporated ANN technology in a study to 

determine whether linear regression, stepwise polynomial regression, ANNs or
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traditional admissions committee indexes were the best predictors of graduate 

GPA. The researchers sampled three years of students from Morth Dakota State 

University's College of Pharmacy. Predictor variables included prerequisite 

college coursework grades in chemistry, zoology, mathematics, and English; total 

GPA; residency of North Dakota or not, partial transfer student (was some 

prerequisite coursework done outside of North Dakota State University), and total 

transfer student (all prerequisite coursework done outside of North Dakota State 

University). Although the artificial neural network outperformed the regression 

models by identifying non-linear patterns, it was not a better predictor of the 

dependent variable. Linear regression was the worst overall, and multiple 

regression performed the best overall, but results indicated that none of the 

differences in the empirical models were significant at the 95% level. It was 

concluded that none of the empirical methods had better predictive capabilities 

than the traditional practitioner index.

Dawes (1971) concluded that decisions made systematically with the aid 

of a computer do not mean that the decisions have been "dehumanized." Dawes 

states that the conclusions drawn in this research "indicate that such decisions 

may be less capricious and more valid than those made by the decision maker 

relying on their own intuitions. Such decisions are more human" (p. 187).

It is the intent of this research to further the Gorr et al. (1994) study of the 

use of ANNs for predicting success in graduate school through the examination 

of admission criteria.
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CHAPTER 3 

METHODOLOGY

An ex post facto study of Colorado State University student admissions 

data was conducted to determine the specific variables that were predictive of 

success in graduate school. Success was defined by graduate grade point 

average (GGPA). An artificial neural network (ANN) computer program, 

Statistica, was utilized to analyze the data. ANN technology is one form of data 

mining that utilizes archival data to extract a decision rule from a sample of data 

to apply to new data. Sadler and Hammerman (1999) stated that the attempt to 

recognize and use historical patterns in data can improve the quality of decisions 

and reduce the time required by the decision-making process. A more detailed 

discussion of data mining and ANN technology is found in Chapter Two. Studies 

have been conducted using ANN technology for predictive purposes (Everson, 

1994; Gorr et al. 1994; Song et al. 1993). The most notable is a study conducted 

by Gorr et al. (1994) using ANN technology to determine graduate success as 

measured by graduate GPA. SPSS was also utilized to run the traditional 

statistics, such as descriptive statistics, Kruskal-Wallis, Spearman rho, and 

multiple regression.

51
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Participants and site

The original sample was composed of 5,206 students who entered 

Colorado State University Graduate School between Fall 1990 and Spring 1994. 

Due to the nature of artificial neural networks (ANN), a large sample size is 

preferable to maximize the predictive capability of the model. Wiess and 

Kulikowski (1991) stated that a sufficiently large training set will provide accurate 

performance measures. The sample was not a random selection of students, but 

rather all graduate students who entered the university graduate school between 

Fall 1990 and Spring 1994.

Data acquisition and procedure

There were several databases for graduate students available at Colorado 

State University. It was the original intent to utilize the database from the 

Graduate School. However, after meeting with a representative from the 

Graduate School, it was determined that undergraduate GPA was not available.

A second source was available from the Office of Budget and Institutional 

Analysis. After two meetings with the database manager, it was also determined 

that the undergraduate GPA variable was not available. The next step was to 

contact the main university database. The university database manager told the 

researcher that the undergraduate GPA variable would be available in these 

data. Based on that information, the main university database was chosen. In 

addition to the undergraduate information, several other potential predictor 

variables found in the existing literature were said to be available. Much to the 

disappointment of the researcher, after human subjects approval, proposal
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approval, acquisition, and examination of the database, undergraduate GPA and 

undergraduate credits completed referred to only those students who had taken 

undergraduate courses at Colorado State University and over three-fourths of the 

undergraduate GPA data were missing. Based on the review of literature and an 

examination of the variables available in the university database, Table 2 

indicates dependent and independent variables that were initially chosen.

Table 2
Variables, Levels, and Percent of Complete Data

Variable Level of Measurement # of Levels Mean Percent Complete
Independent
College Nominal 8 100%
Department Nominal 14 100%
Ethnicity Nominal 6 84%
Gender Nominal 2 100%
Marital Status Nominal 2 98%
Age @ Entry Interval 31 99%
Citizenship Country Nominal 106 99%
Residency State Nominal 52 100%
UG CSU GPA Interval 3.3 28%
UG CSU Credits Interval 54.5 36%
GRE Analytical Interval 566 86%
GRE Verbal Interval 510 86%
GRE Quantitative Interval 589 86%
GRE Total Interval 1664 86%
Dependent
Graduate/Not Nominal 2 100%
Graduate
GRAD GPA Interval 3.7 99%

From this list, the following decisions were made about which variables to 

use. College and Department reported similar information. To reduce the 

number of variable levels, the variable college was used. There also appeared to 

be a high level of multicollinearity between citizenship, college, and ethnicity. In 

addition, the variable ethnicity was only 84% complete. It was decided to 

eliminate ethnicity as a variable. Undergraduate GPA and credits were also
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eliminated due the amount of missing data. GRE total was reporting the same 

information as the individual GRE scores. It was decided to look at the GRE 

scores on an individual basis rather than as a total to enrich the level of analysis 

on GRE scores. Finally, in looking at the dependent variables, the percentage of 

students who graduated verses those that did not was far removed from the 

national average. In the chosen database, 84% of the students graduated, while 

the national average was approximately 50%. There was no explanation as to 

why these two percentages were so different, so it was decided to eliminate the 

graduate/not graduate variable as a potential outcome and use the gradaute 

grade point average (GGPA).

Two variables were recoded to reduce the number of levels. Citizenship 

country was recoded to citizenship continent resulting in 6 levels and residency 

state was recoded to residency region resulting in 6 regions. Table 3 reports the 

final list of variables used in the study.

Table 3
Variables, Levels, and Percent of Complete Data

Variable Level of Measurement # of Levels Mean Percent Complete
Independent
College Nominal 8 100%
Gender Nominal 2 100%
Marital Status Nominal 2 98%
Age @ Entry Interval 31 99%
Citizenship Continent Nominal 6 99%
Residency Region Nominal 6 100%
GRE Analytical Interval 566 86%
GRE Verbal Interval 510 86%
GRE Quantitative interval 589 86%
Dependent
GRAD GPA Interval 3.7 99%
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Human Subject’s approval and permission from the data warehouse 

manager were obtained prior to meeting with the programmer to obtain a copy of 

the data. Once obtained, the data were loaded into Statistica, a computer-based 

statistical program and recoded to meet the parameters of the software and 

merge groups of students which represented very small numbers within certain 

levels of certain variables.

The original sample size of 5,206 was reduced to 3,902 cases (or 

students). Eliminated were those cases that were non-degree seeking 

(postdoctoral students). Also, all Master of Business Administration (MBA) and 

Doctor of Veterinary Medicine (DVM) cases were eliminated due to the unique 

nature of these programs. The data were then divided into master's students and 

Ph.D. students for comparative analyses. This data set was then transferred to 

SPSS, another statistical computer program, to run frequencies and other 

descriptive statistics. A detailed discussion of descriptive statistics is available in 

Chapter Four. SPSS was used instead of Statistica because of the familiarity the 

researcher had with its functionality.

Data analysis using artificial neural networks

The software programs Statistica and SPSS were used to analyze the 

data. Initially, descriptive statistics and frequencies were run to further define the 

sample. The next step was to use the ANN technology available in Statistica to 

develop a predictive model. The Statistica program automatically randomly 

divides the sample into three subsets. A larger group to train the network, one to 

test the network, and one to verify the test. Weiss and Kulikowski (1991), to
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insure accurate testing, recommend using this verification technique on large to 

medium sample sizes. The larger group was used to train the network. ANN 

technology has the ability to "learn" from a training sample. Learning is defined 

as "choosing or adapting parameters within the model structure that work best on 

the sample at hand and other samples like them" (Weiss & Kulikowski, 1991, p.

4). The ANN model chose the variables that were the best predictors of success. 

The smaller groups were used to test and verify the resulting model.

There are seven steps outlined by VanEyden (1996) which explain the 

process that an ANN completes to perform the training process (see Figure 3 for 

an indication as to where each step is initiated within the ANN). Each of these 

will be discussed in detail.

Step 1) Computation o f the net weighted output:

Each input unit or independent variable is assigned a weighted value. 

Different weights can be assigned to the same input unit based on the number of 

hidden layers within a network. The weights of all the input variables are 

summed and a net weight is calculated. The formula is as follows:

n
Ui = 2 (X i. Wij) 

j=1

Ui = net weighted input 
i = current processing unit 
j = processing unit connected to i 
Wij = the weight between j and i 
Xi = originating processing unit
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Step 2) Convert net input to an activation level:

This is equivalent to the excitement level of a biological neuron. Each 

neuron has an activation level that tells the neuron what to do with the signal 

after the weights have had their effect. When the activation level reaches the 

threshold value, the neuron will fire and pass the net weighted value through a 

transfer function. Small changes in inputs, when the combined inputs are near 

the threshold value, can have large effects on the output. On the other hand, 

large changes in the inputs of the unit can have little effect on the output when 

the combined units are far from the threshold. This property gives ANNs their 

non-linear behavior (Berry & Linoff, 1997).

Step 3) Transfer of the weighted sum:

The product of the weighted sum is transformed into a working or transfer 

output. The weighted sum of the effective inputs is computed and transformed 

by a transfer function. The transfer function defines how the activation value is 

converted to an output value. There is disagreement in the literature with the 

actual number of transfer functions and their definitions. However, there is 

agreement that the choice of transfer function depends on the nature of the data. 

If the dependent variable is nominal, a transfer function resulting in values of 0 

and 1 is preferred. If the output is continuous, then a transfer function scaling 

outputs between 1 and -1 is preferred (VanEyden, 1997; StatSoft 1998). 

Statistica, the neural network software utilized in this research, supports two 

types of transfer functions, scaled and nominal.
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Step 4) Computation of the competition function of the output function:

This function allows the output units to compete to determine which will be 

active. There can only be one or two winners. The one or two winners will be 

chosen on the basis of the highest value of the product after applying the transfer 

function to the weighted sum value. This is where the learning process takes 

place. Only the winners will learn to adapt.

Step 5) Computation of current error and error function:

The difference between the current output and the desired output is 

calculated. The resulting value is the current error.

Step 6) Estimation of the back propagation error value:

There are numerous algorithms that can be applied to ANNs that allow the 

network to manipulate the error and learn. The back propagation algorithm was 

chosen because it is the most common and easiest to understand (Cabena, 

Hadjinian, Stadle, Verhees, & Zanasi, 1998). In essence, the information 

obtained is "back propagated" to the previous layer. The current error equals the 

back-propagated value. The back-propagated "error" value is determined by 

multiplying each incoming connection weight by the back-propagated value and 

adding this to the error in the source processing element. The hidden units 

estimate their error as a weighted sum of the error signals received from the 

connected output units. After this process, all the connections are updated in 

proportion to their error signal.

Step 7) Learning:

Using the back propagated error value, the weights of the connections are
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modified. When using competition, only the "winning" weights are modified. The 

network reruns the steps until the error achieved is acceptable. An error of 0, or 

no error, is never acceptable. This means that the network has memorized the 

data and the prediction process when running the network on new data is 

eliminated.

w

w
Y.

Sigmoid

X.

Figure 3. An artificial neuron procession element (VanEyden, 1996, Pg. 40)

Several ANN models are available in Statistica. The Multilayer Perceptron 

(MLP) model was chosen for analysis for several reasons. First, according to the 

Statistica documentation, a MLP is capable of modeling most real world 

problems, sufficiently and adequately (StatSoft, 1998). Second, in performing 

multiple preliminary pilot tests on the data sets, the MLP consistently 

outperformed other network types such as the Radial Basis Function and linear
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models for predictability. A decrease in prediction error and a higher percent in 

the variability of GGPA's could be accounted for. Third, in an interview with Rajiv 

Menta, CEO of Synergentics, Inc and neural networking expert (Personal 

communication, 2000), MLP networks are a good choice for this type of research 

problem. A back propagation algorithm was chosen because it is the easiest to 

understand which is advantageous to this entry level ANN research.

Data analysis using SPSS

Further analysis on the identified predictor variables was performed using 

Kruskal-Wallis, Spearman rho, Mann-Whitney, correlation, and multiple 

regression. To answer research question one, Mann-Whitney U, Kruskal-Wallis 

with Mann-Whitney U post hoc, and Spearman rho were used. The use of non- 

parametric statistics was necessary to due to the violation of normal distribution 

by the dependent variable GGPA. Mann-Whitney U was used on the nominal 

two- level variables, Kruskal-Wallis was used for the multi-level nominal 

variables, and Spearman rho was used on interval variables. To answer 

research question two, correlation and simultaneous multiple regression was 

used.

Model comparison

The same variables used by the ANN were related to the dependent 

variable of graduate GPA to validate their predictive capabilities and to further 

determine the accuracy of the ANN. A similar process was documented in 

Zhang et al. (1997) and Gorr et al. (1994) in which neural network predictive 

capabilities were compared to regression results to determine which model best
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predicted a particular outcome variable such a grades in graduate school. As 

discussed in Chapter Two, these results were mixed. Zhang et al. (1997) found 

that ANNs were superior to multiple regression techniques. Gorr et al. (1994) 

determined that ANNs have no better predictive power than other traditional 

statistical techniques. This study was performed to shed some additional light on 

this controversy. The following Chapter Four reports and interprets the results of 

the ANNs, descriptive analysis, correlations, as well as simultaneous multiple 

regression, and non-parametric statistics including Mann Whitney U, Kruskal- 

Wallis, and Spearman rho.
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CHAPTER 4 

RESULTS

Data analysis included descriptive statistics to better define the sample. 

Non-parametric statistics, (Kruskal-Wallis, Mann-Whitney U, and Spearman rho) 

were used to answer research question one because the dependent variable of 

graduate grade point average (GGPA) was not normally distributed.

Simultaneous multiple regression and artificial neural networks were performed 

to assess the best combination of predictors of GGPA. Comparisons were 

discussed. All analyses were performed on both the master's students group 

and the Ph.D. student group.

Descriptive statistics

SPSS was used to gather descriptive statistics about the sample. Results 

of the nominal variables are reported in Table 4 including the n and percentage. 

Table 5 reports the n, mean, standard deviation, and skewness of the interval 

level variables.

Degree and college. Master's degree seeking students composed 79% of 

the sample, and 21% were Ph.D. seeking. The College of Applied Human 

Sciences held the highest number of students with 25%, followed by Engineering 

with 18%, Liberal Arts with 15%, and Natural Sciences with 12%.

62
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Demographics. The gender split was fairly even with 56% male and 44% 

female. Marital status was also fairly even with 47% married and 51% single. 

The data did not contain numbers for divorced students.

Table 4

Descriptive Statistics of Nominal Variables for Graduate Students

Variable N % of Total % Masters % Ph.D.

Degree
Masters
Ph.D.

3097
805

79
21

Gender
Female 1735 45 48 32
Male 2167 55 52 68

Marital Status
Single 1688 55 55 39
Married 1347 45 44 60

Citizenship Continent
North America 3368 86 89 74
South American 53 1 1 3
Europe 74 2 1 5
Asia 293 8 6 12
Africa 23 1 0.5 1
Mideast 77 2 1 4

Residency Region
Colorado 1978 51 54 38
West 434 11 11 10
Midwest 382 10 9 12
Northeast 243 6 6 7
South 209 5 5 5
International 656 17 14 27

College
Applied Human Sciences 978 25 28 15
Natural Sciences 481 12 7 32
Natural Resources 406 10 11 10
Vet Med 247 6 5 10
Business 237 6 8 0
Engineering 704 18 17 20
Liberal Arts 617 16 19 5
Agriculture 232 6 5 8
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Table 5

Descriptive Statistics of Interval Variables for Graduate Students

Total Masters Ph.D.

Variable N M SD Skew-
Ness

n M SD Skew­
ness

n M SD Skew­
ness

Independent
Variables
Age@Entry 3901 30.92 7.82 0.87 3096 30.8 7.70 0.91 805 31.6 8.2 0.73

GREVerbal 3364 538 112.4 -0.12 2650 511 110.4 -0.11 714 505 119.5 -0.14

GREQuantitative 3364 538 125.3 -0.32 2650 579 125.3 -0.25 714 629 117.3 -0.61

GREAnalytical 3340 562 119.4 -0.3 2635 563 118.0 -0.31 705 575 124.3 -0.29

Dependent
Variables
GGPA 3881 3.71 0.32 -3.34 3078 3.69 0.33 -3.13 803 3.76 0.26 -4.61

Citizenship and residency. The majority (51%) o f the students were 

Colorado residents at the time they applied to CSU graduate school. The 

database was not updated if a student's residency status changed while 

attending graduate school. Students who did not report a residency state were 

coded as International, comprising 17% of the sample. The Western region of the 

United States consisted of 11%, and 10% were from the Midwest. The majority 

of the students (86%) were residents of the North American continent that is 

composed of the United States and Canada. In addition, 7% of the students 

were residents of Asian countries and the other 4 regions had 1% or 2% each. 

The mean age of the students in the database was 31. Means for graduate GPA
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was 3.71, but this measure was highly skewed with more than half having a 3.80 

or above. The GRE scores were above national averages, with a 538 for verbal 

and quantitative, and 562 for analytical.

Research question #1

Is there a difference in graduate GPA for master's and for Ph.D. students 

at Colorado State University between different levels or groups of each of nine 

admissions variables (citizenship continent, residency region, age of student 

when entering graduate school, gender, marital status, college, GRE verbal 

score, GRE analytical score, and GRE quantitative score).

Citizenship continent. A Kruskal-Wallis test was performed in SPSS. 

Kruskal-Wallis was the chosen statistic because the dependent variable, GGPA 

was not normally distributed. Small but statistically significant differences were 

found (g<.001) between graduate GPA's based on a students' citizenship 

continent, at both the master's and Ph.D. level. Table 6 shows the n and mean 

GGPA for each continent for both the master's and Ph.D. separately, and the 

table provides the results of Kruskal-Wallis as a chi-square.

Table 6

Kruskal-Wallis Analysis of Citizenship Continent and Graduate Grade Point Average

Citizenship Continent Masters Ph.D.

n Mean GGPA n Mean GGPA
1. Europe 36 3.74 38 3.74
2. North America 2752 3.70 597 3.78
3. Asia 193 3.56 99 3.71
4. South America 31 3.66 22 3.70
5. Mideast 46 3.58 31 3.67
6. Africa 15 3.47 8 3.56

Test statistic (5)=87.71,£<001 X2 (5)=:30.88, £<001
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At the master's level, Europeans had the highest GGPA, with North Americans 

second. These were reversed at the Ph.D. level. G linerand Morgan (2000) 

suggest that a Mann-Whitney U test is an appropriate, but liberal, post hoc test 

for the Kruskal-Wallis to determine the significance of differences between pairs 

of groups (continents in this case). Table 7 and 8 reports the differences 

between the citizenship continents for master's and Ph.D. students.

Table 7

Mean Differences in Graduate Grade Point Average by Continent for Masters Students

Continents 1 2 3 4 5 6 Post hoc
1. Europe .035 .174** .078 .160** .270** 1>3,5,6
2. North America .144** .043 .125** .235** 2>3,5,6
3. Asia -.102 -.020 .091
4. South America .082 .192* 4>6
5. Mideast .111
6. Africa
** £  <.01 comparing each pair of means using the Mann-Whitney test. 
* £  <.05 comparing each pair of means using the Mann-Whitney test

Table 8

Mean Differences in Graduate Grade Point Average by Continent for Ph.D. Students

Continents 1 2 3 4 5 6 Post hoc
1. Europe -.036 .032 .045 .069 .185** 1>6
2. North America .068** .081* .105** .221** 2>3,4,5,6
3. Asia .013 .037 .153
4. South America .024 .140
5. Mideast .116
6. Africa
* £  <.01 comparing each pair of means using the Mann-Whitney test. 
: £  <.05 comparing each pair of means using the Mann-Whitney test

In the master's group, Europeans had significantly higher GGPA’s than Asians 

(£<. 001), Mid Easterners (£=.007), and Africans (£=.005). North Americans
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had significantly higher GGPA's than Asians (£<. 001), Mid Easterners (£<.001), 

and Africans (£=.002). Also South Americans were significantly higher on GGPA 

(£=. 033) than Africans. This indicates that among master's students, European 

and North American citizens have higher GGPA's than Asians, Mideasterners, 

and Africans. Effect sizes ranged from medium (d=.4) to large (d=.8). This 

indicates a moderate to strong relationship between citizenship continent and 

GGPA at the master's level.

Europeans did not perform as well at the Ph.D. level. Only one significant 

difference was found. Europeans had higher GGPA's than Africans (£=.036). 

North Americans, however, had significantly higher GGPA's than Asian (£<.001), 

South American (£=.033), Mideastern (£=.002), and African students (£=.006). 

Effect sizes ranged from small/medium (d=.3) to large (d=.8) indicating a slightly 

moderate to large relationship between citizenship continent and GGPA at the 

Ph.D. level.

Residency region. A significant difference was found between the GGPA's 

of the six residency regions using a Kruskal-Wallis test for both master's and 

Ph.D. students at £<.001 (see Table 9).
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Table 9

Kruskal-Wallis Analysis of Residency Region and Graduate Grade Point Average

Residency Region Masters Ph.D.

n Mean GGPA n Mean GGPA
1. West 351 3.71 83 3.79
2. Colorado 1654 3.70 307 3.78
3. Midwest 281 3.73 99 3.76
4. Northeast 187 3.73 56 3.76
5. South 165 3.72 44 3.79
6. International 440 3.61 214 3.72

Test statistic Xz(5)=59.27, £<001 X2(5)=21.78, £=.001

The Mann Whitney U test found no significant differences among the North 

American regions, but did find significant differences between the international 

students and several regions. Table 10 and 11 reports these group differences. 

Table 10

Mean Differences in Graduate Grade Point Average by Region for Masters Students

Regions 1 2 3 4 5 6 Post hoc
1. West .010 -.023 -.024 -.015 .093** 1>6
2. Colorado -.033 -.034 -.025 .083** 2>6
3. Midwest -.012 .083 .116** 3>6
4. Northeast -.095 .117** 4>6
5. South .108** 5>6
6. International
** £  <.01 comparing each pair of means using the Mann-Whitney test.
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Table 11

Mean Differences in Graduate Grade Point Average by Region for PhD Students

Regions 1 2 3 4 5 6 Post hoc
1. West .050 .037 .032 .045 .077** 1>6
2. Colorado .022 .017 -.010 .062** 2>6
3. Midwest -.045 -.032 .040
4. Northeast -.028 .045
5. South .073* 5>6
6. International
** £  <.01 comparing each pair of means using the Mann-Whitney test 
* £  <.05 comparing each pair of means using the Mann-Whitney test

At the master's level, differences were found between international 

students and students from the western United States (£<.001), from Colorado 

(£<.001), the Midwest (£<.001), the Northeast (£<.001), and the South (£<.001). 

Students residing in the United States have higher GGPA's than International 

students. The effect sizes were small (d=.2) to small/medium (d=.3) indicating 

that the relationship between residency region and GGPA was weak to slightly 

moderate for master's students. Among Ph.D. students, significant differences 

were found between International students and students from the Western United 

States (£=.004), Colorado (£<.001), and the South (£=.042). Effect sizes did not 

fluctuate and were small (d=.2) indicating a weak relationship between residency 

region and GGPA for Ph.D. students.

These findings are consistent with the differences found between 

citizenship continents. Students from the United States have higher GGPA's
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than international students, however, there is no significant difference among 

students within the United States.

Gender. Due to the violation of the assumption of normal distribution, 

Mann-Whitney U tests were performed to determine the relationship between 

gender and GGPA and marital status and GGPA. Table 12 reports that the 

relationship between gender and GGPA is statistically significant for both 

master's students and Ph.D. students. At the master's level, females have higher 

GGPA's than males (jd<. 001). The effect size is small to medium (d=.33) 

indicating a slightly moderate relationship between gender and GGPA for 

master's students. Female Ph.D. students also have higher GGPA's than males 

(jo=. 011) however there is a smaller difference between the mean GGPA's at the 

Ph.D. level. It is important to realize that statistical significance and practical 

significance are not the same thing (Morgan, Griego & Gloeckner, 2000). With 

large sample sizes, it is fairly easy to find significant statistical differences when 

the actual difference is quite small. This is the case with Ph.D. GGPA. Although 

there is a statistically significant difference in GGPA between genders, the 

difference is only .03 of a grade point and a very small effect size (d=.1) 

indicating a weak relationship between gender and GGPA for Ph.D. students.
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Table 12

Mann-Whitney Analysis of Gender and Graduate Grade Point Average

Gender Masters Ph.D.

n Mean GGPA n Mean GGPA
1.Female 1465 3.75 259 3.78
2. Male 1613 3.64 544 3.75

Test statistic Z—11.09, p<001 Z=-2.56, p=.011

Marital status. Marital status is significant at the master's level but, as 

Table 13 reports, is not significant at the Ph.D. level. Married master's students 

have higher GGPA's than single master's students Qd<. 001). The effect size is 

small (d=.2) indicating a weak relationship between marital status and GGPA for 

masters students. There is no statistical significant difference between married 

and single Ph.D. students.

Table 13

Mann-Whitnev Analysis of Marital Status and Graduate Grade Point Average

Marital Status Masters Ph.D.

n Mean GGPA n Mean GGPA
1. Married 1341 3.73 479 3.77
2. Single 1675 3.67 316 3.74

Test statistic Z=-4.99, p< 001 Z—1.43.. p= 153

College. A Kruskal-Wallis test determined that there was a significant 

difference between the average GGPA's and the eight colleges attended by
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students. The chi-square test statistic showed significant differences at the 

master's level (£<-001) and Ph.D. level (£<.001) as reported in Table 14.

Table 14

Kruskal-Wallis Analysis of College and Graduate Grade Point Average

College Masters Ph.D.

n Mean GGPA n Mean GGPA
1. Natural Resources 323 3.66 80 3.71
2. Vet Med. 168 3.72 79 3.81
3. Applied Human 
Sciences

855 3.80 123 3.84

4. Engineering 540 3.61 163 3.74
5. Liberal Arts 569 3.69 38 3.80
6. Natural Sciences 225 3.72 255 3.73
7. Agriculture 165 3.60 65 3.75
8. Business 233 3.55 NA NA

Test statistic X2(7)=267.03, £<001 X2(6)=35.85, £<.001

At the master's level, the College of Applied Human Sciences, Liberal Arts 

and Veterinary Medicine have the highest GGPA while Agriculture, Engineering, 

and Business have the lower GGPA. Applied Human Sciences, Veterinary 

Medicine, and Liberal Arts also had the highest GGPA's at the Ph.D. level, 

however Natural Sciences, Engineering, and Natural Resources have the lower 

GGPA's.

Mann-Whitney U tests were performed to analyze the individual paired 

group differences between colleges on GGPA (see Table 15 and 16). At the 

master's level, the College of Applied Human Sciences students GGPA was 

significantly higher than all other seven colleges: Natural Resources (jd<. 001), 

Veterinary Medicine (£=. 001), Engineering (£<. 001), Liberal Arts (£<. 001),
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Natural Sciences (£<. 001), Agriculture (£<. 001), and Business (£<. 001).

Liberal Arts students had significantly higher GGPA's than Natural Resources 

(£<. 001), Engineering (£<. 001), Business (£<. 001), and Agriculture (£<. 001). 

Veterinary Medicine GGPA's were significantly higher than Business (£<. 001), 

Engineering (£<. 001), Agriculture (£<. 001), and Natural Resources (£=. 007).

In addition, Natural Sciences students GGPA's were significantly higher than 

Agriculture (£<.001), Engineering (£<.001), Natural Resources (£=.009), and 

Business (£<.001). Students in the College of Business had significantly lower 

GGPA's than students in Engineering (£=. 021) and Natural Resources (£<. 001), 

and Engineering students GGPA’s were significantly lower than students in 

Natural Resources (£=.028). Effect sizes range from small (d=.1) to large (d=.8) 

indicating varying strengths of relationship between college and GGPA.

Table 15

Mean Differences in Graduate Grade Point Average by College for Masters Students

Colleges 1 2 3 4 5 6 7 8 Post hoc
1. Natural Resources -.0568 .114** -.137** .049* -.034** -.055** .057** 1 <2,4,6,7 

1>3,5
2. Vet Med. .171** -.081** .106** .023 .019 .113** 2>3,5,8

2<4
3. Business -.251** -.064* -.148** -.169** -.058 3<4,5,6,7
4. Applied Human .187** .103** .082** .193** 4>5,6,7,8

Sciences
5. Engineering -.084** -.104** .069** 5<6,7,8
6. Liberal Arts -.021 .09
7. Natural Sciences .111** 7>8
8. Agriculture
** £  <.01 comparing each pair of means using the Mann-Whitney test. 
* £  <.05 comparing each pair of means using the Mann-Whitney test

At the Ph.D. level, the College of Applied Human Sciences had 

significantly higher GGPA's than Natural Resources (£<.001), Engineering
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(£<.001), Natural Sciences (£<.001), and Agriculture (£<.001). Veterinary 

medicine had significantly higher GGPA's than Engineering (£=.003), and 

Natural Sciences (£=.003). Natural Resources had a significantly lower GGPA 

than Veterinary medicine (£=.004). Effect sizes are small (d=.1) to 

small/medium (d=.4) indicating a weak to moderate relationship between college 

and GGPA.

Table 16

Mean Differences in Graduate Grade Point Average by College for Ph.D. Students

Colleges 1 2 3 4 5 6 7 Post hoc
1. Natural Resources -.106** -.033** -.033 -.088 -.025 -.038 1<2,3
2. Vet Med. -.027 .073** .018 .080** .068 2>4,6
3. Applied Human .100** .045 .108** .095** 3>4,6,7

Sciences
4. Engineering -.055 .078 -.053
5. Liberal Arts .063 .049
6. Natural Sciences -.013
7. Agriculture
** £ <.01 comparing each pair of means using the Mann-Whitney test.

Age of student when entering graduate school. A Spearman Rho 

correlation was used to determine the relationship between student's age and 

GGPA (see Table 17). Spearman rho was the chosen statistic because of the 

skewness of the GGPA variable. The assumption of normally distributed GGPA's 

was markedly violated. In the Ph.D. group, age was significant at the £=.006 

level (rho= -.097). The rho2 was .009 (.9%). This means that .9% of the variation 

in GGPA can be predicted by the students age at the time they enter graduate 

school. According to Cohen (1988) a rho=-.097 indicates a small effect size or 

that the relationship between GGPA and age at the time of entry to graduate
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school is weak. The correlation is negative indicating that older students entering 

the Ph.D. program receive lower GGPA's. Age was not significant at the 

master's level.

Table 17

Spearman Rho Analyses of Interval Level Variables 
and Graduate Grade Point Average

Masters Ph.D.

rho £  Rho £>
Age at Entry 0.000 0.986 -0.097 0.006
GRE Verbal 0.195 <001 0.263 <001
GRE Quantitative -0.01 0.620 0.033 0.374
GRE Analytical 0.164 <001 0.207 <001

GRE Verbal scores. A Spearman Rho indicated that there was a 

statistically significant relationship between GRE verbal scores and GGPA for 

both master's and Ph.D. students. The results can be seen in Table 17. At the 

master's level, GRE verbal scores were significant at£<. 001 (rho=. 195). The

rho2= .04 indicating that 4% of the variance in master's students GGPA can be

predicted by GRE verbal scores. The effect size is small to medium, meaning 

that GRE verbal scores have a modest relationship to master's students GGPA's. 

The correlation is positive denoting that the higher the GRE verbal scores the 

higher the GGPA for master's students.

GRE verbal scores for Ph.D. students had similar results. GRE verbal 

scores were significant at the jd<. 001 level (rho=. 263). The rho2=. 069 which 

denotes that 7% of the variance in Ph.D. GGPA's can be predicted by GRE 

verbal scores. The effect size is medium, and the correlation is positive meaning 

that the higher the GRE verbal scores the higher the GGPA for Ph.D. students.
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GRE Quantitative scores. As Table 17 reports, GRE quantitative scores 

are not statistically significant at either the master's or the Ph.D. level. This 

indicates that for all colleges combined, GRE quantitative scores have no 

predictive value in determining GGPA.

GRE Analytical scores. GRE analytical scores were significant at both the 

master's and Ph.D. levels (see Table 17). At the master's level, GRE analytical 

scores were significant at £<.001 (rho=.164). The rho2=. 018 indicating that only 

.2% of the variance in GGPA for master’s students can be predicted by GRE 

analytical scores. The effect size is small to medium and the correlation is 

positive, indicating that the higher the GRE analytical score, the higher the GGPA 

for master's student; however this relationship is weak.

At the Ph.D. level, GRE analytical scores were significant at £<. 001 

(rho=. 202). The rho2=. 040 increasing the percentage of variance of GGPA that 

can be predicted by GRE analytical scores to 4% at the Ph.D. level. The effect 

size is also small to medium and the correlation is positive.

Research question #2

Is there a combination of admissions variables that predicts GGPA better 

than any one variable alone and if so, what is that combination?

Multiple Regression results

Simultaneous multiple regression was performed on the combination of 

variables outlined in Chapter Three. Table 18 and 19 reports the correlations for 

master's and Ph.D. students and Table 20 and 21 report the results of the 

multiple regression for master's and Ph.D. students. It is important to note the
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direction of the correlation for nominal variables in  these four tables. A negative 

correlation indicates that the level within the nominal variable with the lowest 

code number has higher GGPA. The nominal variables were coded as follows: 

Gender: female = 1 male = 2 

Marital status: married = 1 single = 2

Citizenship continent: North America = 1 other continents = 0

Residency region: Colorado = 1 other regions = 0

College: The College of Applied Human Sciences = 1 other colleges = 0

Correlation results. As reported earlier Table 18 indicates that at the 

master’s level, there is a significant positive relationship between GGPA and 

North American continent, college of Applied Human Sciences, GRE verbal, and 

GRE analytical at the £<. 01 level. There are significant negative relationshiips 

with gender and marital status, indicating that females and married students have 

higher GGPAs. These variables may be significant predictors in the regression 

model. It is also interesting to note that continent, region, and college are all 

significantly related at the g<. 01 level. Thus, th&se variables are reporting 

somewhat similar or overlapping information. In the  regression model it is 

possible that as one of these variables loads, it may cause another not to due to 

the fact that they could be reporting similar information, called multicollinearity.

At the Ph.D. level, the relationship of the variables to GGPA is almost 

identical, with the exception of age and gender. If you will recall, age was not 

significantly related to GGPA at the master's leve I, however, it is statistically
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significant at the Ph.D. level. In addition, gender is significant at the r=.063 level 

for Ph.D. students and r=.165 at the master’s level.
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Table 18

Correlation's for Admissions Variables for Masters Students

Variable Graduate N. America Colorado or Age At Gender Marital College of AHS GRE GRE GRE

GPA or Other Continent Other Region Entry Status or Other College Verbal Quantitative Analytical

Graduate GPA 1.000 .124** .026 -.010 -.165** O CD CD .196** .138** .006 .140**
North America or Other Continent 1.000 .324** -.047** -.125** .042 .106** .420** -.166** .241"
Colorado or Other Region 1.000 .056** -.114** -.125** .165** ,086** -.190** -.042*
Age at Entry 1.000 -.005 -.044* -.005 -.006 -.007 -.053**
Gender (males higher) 1.000 -.082" ro CD -s

j .010 .332** .032
Marital Status (singles 
higher)
College of AHS or Other College

1.000 -.043*

1.000

.024

.194**

.030

-.348**

.072**

-.205“
GRE Verbal Score 1.000 .330** ,578**
GRE Quantitative Score 1,000 .596**
GRE Analytical Score 1.000

*B < .05. **g < .01.
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Table 19

Correlation's for Admissions Variables for Ph.D. Students

Variable Graduate N. America Colorado or Age At Gender Marital College of AHS GRE GRE GRE

GPA or Other Continent Other Region Entry Status or Other College Verbal Quantitative Analytical

Graduate GPA 1.000 .125** .076 -.091" -.063* -.089** .177** .218" .043 .193**

North America or Other Continent 1.000 .370** -.083* -.119** .136** ,187" .580** -.203” .322**

Colorado or Other Region 1,000 .028 -.180** -.095" .446" .224** -.313" -.010

Age at Entry 1.000 -.054 -.050 -.011 -.045 .023 -.037

Gender (males higher) 1.000 -.131" -.150" -.115” .184" -.091"

Marital Status (singles 
higher)
College of AHS or Other College

1.000 -.122**

1.000

.116"

.021

.056

-.460"

.131"

-.220”

GRE Verbal Score 1.000 .176" .646"

GRE Quantitative Score 1.000 .541"

GRE Analytical Score 1.000

‘E < .05. ** E < .01.



81

Simultaneous Regression results. According to Table 20, the F (33.58) is 

statistically significant, indicating that one or more of the independent variables is 

a significant predictor o f GGPA at the master's level. The combination of region, 

gender, marital status, college, GRE verbal scores, and GRE analytical scores 

can predict GGPA. College is the best predictor (p=.208, £<.001). Gender and 

marital status are both significant predictors, however, female gender (P=.-127, 

£<.001) is a slightly better predictor than married marital status (p=.-110, £<.001). 

Region other than Colorado is also a significant predictor (p=.-049, £=.015), as 

are GRE verbal (p=.096, £<.001) and GRE analytical (p=.113, £<.001) scores. 

Although the regression model indicates that there is predictability in this 

combination of variables the percentage of variance that can be predicted by 

these variables is relatively small (Adjusted Rf=.102). This combination of 

variables can predict 10% of the variance in GGPA. The effect size is medium 

(R=.324) meaning there is moderate relationship between the combination of 

college attended, gender, marital status, residency region, the GRE verbal, and 

the GRE quantitative scores with GGPA for students at the master's level.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



82

Table 20

Multiple Regression Results for Masters Students

Variable
B Std. Error P £

North America
or Other Continent .0433 .024 .042 .075

Colorado
or Other Region -.0303 .012 -.049 .015

Age at Entry .0002 .001 -.005 .775
Gender -.0783 .013 -.127 <.001
Marital Status -.0683 .012 -.110 <001
Applied Human Sciences

or Other College .1400 .014 .208 <.001
GRE Verbal Score .0003 <001 .096 <001
GRE Quantitative Score .0001 <001 .022 .429
GRE Analytical Score .0003 <.001 .113 <001

Constant 3.85 <001
Note. R=.324, Rf.= 102, F=33.58, £<.001

Table 21 reports a significant F of 7.713. This means that one or more of 

the independent variables are significant predictors of GGPA. The combination 

of age, marital status, college, GRE verbal, and GRE analytical scores predict 

GGPA. As with the master's students, college is the best predictor of GGPA 

(P=.143, £=.001). GRE verbal (p=.142, £=.012) and GRE analytical (P=.136, 

£=.024) were the next strongest predictors. Single marital status (p=.-117, 

£=.002), and young age (p=.-087, £=.019) also added predictive value.

Although this combination of variables had predictive power, the R2=.Q80. 

indicating that 8% of the variance in GGPA can be accounted for by the 

combination of these variables. The effect size (R=.304) is medium meaning that 

there is a moderate relationship between the combination of college a student 

attends, their GRE verbal and analytical scores, their marital status and age with 

GGPA at the Ph.D. level.
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Unlike the master's students, region and gender were not considered to 

have predictive value at the Ph.D. level. Age was a significant predictor at the 

Ph.D. level but not at the master's. This is consistent with the results from 

research question one, in which age was not considered significantly related to 

master’s level GGPA.

Table 21

Multiple Regression Results for Ph.D. Students

Variable
B Std. Error P £

North America
or Other Continent -.0071 .032 -.011 .083

Colorado
or Other Region -.0142 .024 -.026 .561

Age at Entry -.0030 .001 -.087 .019
Gender -.0233 .022 -.041 .289
Marital Status -.0633 .020 -.117 .002
Applied Human Sciences .1070 .033 .143 .001

or Other College 
GRE Verbal Score .0003 <001 .142 .012
GRE Quantitative Score <.0001 <001 .016 .765
GRE Analytical Score .0003 <001 .136 .024

Constant 3.80 .104
Note. R=.304, Rf =.080, F=7.713, £<.001

In summary, the multiple regression model for master's students indicates 

that students from the College of Applied Human Sciences, who are not 

residents of the state of Colorado, are married females, and have higher GRE 

verbal and analytical score have higher GGPA's. The regression model for 

Ph.D. students indicates that students from the College of Applied Human 

Sciences who are younger and married with higher GRE verbal and analytical 

scores have higher GGPA’s.
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Artificial neural network results

All available independent (input) variables were used to run five multi layer 

perceptron (MLP) neural networks at the master’s and Ph.D. levels to determine 

predictive models for GGPA. Tables 22 and 23 report these results. Indicators 

of network performance were reported as a multiple correlation (R) and by

mathematically squaring R, an R£ was obtained. Correlation is defined by

StatSoft as a multiple R. These numbers are most closely related to the R and R2 

statistic reported in simultaneous regression. An adjusted Rf was available in 

the regression output; however, no adjusted Rf was provided by the ANN output.

ANN results at the Master's level. As seen in Table 22, the second ANN 

test produced the best multiple R results of the five test runs. The significant 

predictor variables reported by this network included college, gender, marital 

status, GRE analytical, and GRE verbal scores. College was the first to load and 

determined to be the best predictor of GGPA, or it can be said that the 

performance of the network would deteriorate the most if college were not 

included as a predictor variable. The next variable to load was marital status and 

then gender. GRE analytical loaded before GRE verbal, followed by region, age, 

and citizenship continent. The multiple correlation was R=.334 and the R2 was 

.11. This indicates that 11% of the variance in GGPA at the master's level can 

be predicted by a combination of college, gender, marital status, GRE analytical, 

and GRE verbal scores.
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Table 22

Artificial Neural Network Results on Masters Students

Input Variables
GRE Verbal Score 
GRE Quantitative Score 
GRE Analytical Score

College 
Gender 
Marital Status

Residency Region 
Citizenship Continent 
Age at Entry

Test 1 Test 2 Test 3 Test 4 Test 5
R
Rf

.296

.088
.334 .249 
.112 .062

.310

.096
.327
.107

ANN results at the Ph.D. level. The best network for predicting GGPA at 

the Ph.D. level outperformed the best network at the master's level. The fifth 

test run had superior performance as can be seen by Table 23. The predictor 

variables indicated by this network included GRE analytical scores, gender, 

marital status, GRE quantitative scores, GRE verbal scores, age, residency 

state, and citizenship country. GRE analytical score was the first variable to 

load into the network, followed by gender and marital status. GRE quantitative 

and verbal scores were next, in that order, followed by age, residency region, 

and citizenship country. The multiple correlation was R=.486 with an Rf of .236. 

This means that 24% of the variance in GGPA for Ph.D. students can be 

predicted by a combination of GRE analytical scores, gender, marital status, 

GRE quantitative scores, GRE verbal scores, age, residency state, and 

citizenship country.
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Table 23

Artificial Neural Network Results on Ph.D. Students

Input Variables
GRE Verbal Score 
GRE Quantitative Score 
GRE Analytical Score

College 
Gender 
Marital Status

Residency Region 
Citizenship Continent 
Age at Entry

Test 1 Test 2 Test 3 Test 4 Test 5
R
Rf

.282

.080
.232 .390 
.054 .152

.414 -.486  

.171 .236,

Research question #3

Do artificial neural networks perform better than traditional statistical 

techniques in predicting success in graduate school as defined by graduate 

grade point average?

Comparing Master's models

As Table 24 reports, the ANN and simultaneous regression models 

performed remarkably similarly at the master's level. They both loaded the 

same variable first, college. The next three variables to load for each model 

were the same, but they loaded in different order. The ANN model loaded 

marital status, gender, and GRE analytical scores in that order. The regression 

model loaded gender, GRE analytical scores, and marital status, in that order. 

Both models loaded GRE verbal scores and region as the fifth and sixth variables 

to have predictive value. The ANN model added age and citizenship continent 

as seventh and eighth predictive variables.
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Table 24

Comparing Artificial Neural Networking to Simultaneous Multiple Regression

Student Level and Type of Analysis

Best Best
Master’s Master's Ph.D. Ph.D.

ANN Regression ANN Regression

Predictor 
Variables 
In order

College 
Marital Status 

Gender 
GRE Analytical

GRE Verbal 
Region 

Age 
Continent

College 
Gender 

GRE Analytical 
Marital Status

GRE Verbal 
Region

GRE Analytical 
Gender 

Marital Status 
GRE 

Quantitative 
GRE Verbal 

Age 
Region 

Continent

College 
GRE Verbal 

GRE Analytical 
Marital Status

Age

R .334 .324 .486 .304
Rf .122 .105 .236 .092

In comparing the R and Rf statistics, there are also similarities. The 

adjusted Rf was not used for comparison purposes because there was no 

adjusted Rf statistic available in the ANN output. There was only .01 difference 

between the multiple Rs of the models with the best ANN model being slightly 

higher (R=. 334). Similarly, the Rf statistics only yielded a difference of .017 with 

the best ANN model being slightly higher at Rf=. 112. There is a 1.7% difference 

in the predictive ability of these models and the predictive variables are very 

similar. It is also important to note that of the five ANN models run, two of the 

models indicated better predictability of GGPA, while three of the models 

indicated lower predictability.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



88

Comparing Ph.D. models

In contrast to the master's models, the two Ph.D. models performed very 

differently (Table 24). The regression model loaded College, GRE verbal, and 

GRE analytical scores as the first three variables in that order. In contrast, the 

ANN model did not indicate college to have predictive value. It loaded GRE 

analytical scores first, followed by gender, and marital status. The regression 

model did not find gender to have predictive value. Regression did however load 

marital status fourth. Regression loaded age as the fifth and final variable to 

have predictive value. The ANN model also included age, but placed GRE 

quantitative and GRE verbal scores before age. The ANN model also included 

region and citizenship continent as having predictive value, loading them seventh 

and eighth.

There was also a greater difference in the multiple correlation (R) and Rf 

statistics between the two Ph.D. models. The best ANN indicated an R of .486 

where as the regression model reported an R of .304. The Rf for the best ANN 

model was .236 and the regression model had a Rf of .092. There was a 15% 

difference in the percentage of variance in GGPA predicted between the two 

models. Of the five ANN models run, three indicated better predictability of 

GGPA than the regression model, however two of the models had lower 

predictability.
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It is clear that the comparison of the two models is mixed. Regression 

outperformed three of the five ANNs at the master's level, but only slightly. In 

contrast three of the ANNs outperformed regression at the Ph.D. level, the best 

one by a large margin, showing a higher multiple correlation and a 15% greater 

percentage of variance than could be predicted by the regression. A more 

detailed discussion of this comparison follows in Chapter Five.
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CHAPTER FIVE 

DISCUSSION

This chapter discusses each significant independent variable as it relates 

to the dependent variable of graduate grade point average (GGPA) at both the 

master's and the Ph.D. levels, including a comparison of the simultaneous 

regression models to the ANN models at both the master's and the Ph.D. levels. 

A general discussion of the use of both models and limitations related to the 

database follow. The chapter ends with a discussion of recommendations for 

future research and practice and a conclusion.

Variable and model discussion

Citizenship continent. Citizenship continent was significantly related to 

GGPA at both the master's and Ph.D. levels (jd<. 001). North American and 

European students have higher GGPA's. This may be due to the fact that 

language and culture differences are greater for students coming from Asia, 

Africa, South America, and the Mideast to attend graduate school. It is also 

important to note that both the master's group and the Ph.D. group were heavily 

skewed towards North American students. Master's students were 90% North 

American and Ph.D. students were 87% North American.

Citizenship continent was not a significant predictor for either group of 

students in the regression models, probably due to the overlap with the residency 

region variable. However, continent did load as the last predictor variable in both

90
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of the ANN models, Indicating that according to the ANNs, citizenship continent 

has predictive value on GGPA. North American citizens have higher GGPAs 

than other continents, but this relationship is weak.

Citizenship continent was not included as a predictor variable in the 

existing literature, however, Graham (1991) did find ethnicity to have statistical 

significance (R=. 426) in predicting GGPA for Master of Business Administration 

(MBA) students. White students received the higher GGPAs. Even though 

these variables may not be measured or categorized the same, ethnicity and 

citizenship continent could be reporting somewhat similar information if Graham 

had a lot of international Masters of Business Administration students.

Residency region. The region that a student reported for residency was 

significantly related to GGPA for both the master's students (£<. 001) and Ph.D. 

students (£=. 001), however, it is important to note that the Mann Whitney U post 

hoc determined that the only statistically significant differences were between 

international students and students within the North American regions. In re­

coding the original data, all students who did not report a region of the United 

States for residency were considered International students. These findings are 

consistent with the relationships with citizenship continent. International students 

have lower GGPA's than students who are residents of the United States. No 

significant differences were found among students within the United Sates. Gorr 

et al. (1994) included residency as a predictor variable in determining GPA for 

North Dakota State Bachelors of Science students and found no statistical 

significance. It is possible that if international students were not included as a
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level in the residency region variable, similar results to the Gorr et al. study would 

have been found.

Residency region had predictive value in both the regression and ANN 

models for master's students, however, it was one o f the last variables to load in 

each, indicating that th e  predictive value was weak. Residency region was a 

significant predictor in the Ph.D. ANN model, but was not considered to have 

predictive value in the Ph.D. regression model. It is interesting to note that both 

residency region and citizenship continent loaded in the ANN models for both 

groups, but only residency region loaded in the master's regression model.

College. Collegie was significantly related to GGPA for both master's 

students (g<. 001) and  Ph.D. students (p<. 001). Students within the College of 

Applied Human Sciences received higher GGPA's than any other college at 

Colorado State University. This does not necessarily mean that students within 

the College of Applied Human Sciences are smarter than other students on 

campus. Perhaps the professors within this college are more lenient graders, or 

perhaps there was m ore support for these students, giving them a greater 

chance to succeed. It should be noted that the difference in mean GGPA's 

between the College otf Applied Human Sciences and the college with the lowest 

GGPA was only .25 of a grade point for master’s students and .13 for the Ph.D. 

students, indicating th a t although college is a significant predictor of GGPA, the 

difference in these m ean GGPA's in small. Once again, the difference between 

statistical significance and practical significance applies. The difference in GGPA
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between colleges was statistically significant; however these differences were of 

little practical significance.

College loaded as a significant predictor of GGPA for both the regression 

model and the ANN model at the master's level. It loaded as the first variable in 

both models. The regression model for Ph.D. students also determined college 

to be a significant predictor of GGPA; however, the ANN model did not determine 

college to have any predictive value. No other studies within the literature used 

college as a possible predictor of GGPA. Other studies focused on admissions 

within a particular college or program rather than university wide as this study 

did.

Gender. Gender was significantly related to GGPA for both master's 

students (g<. 001) and Ph.D. students (jd=. 011). Females earned higher 

GGPA's than males in both groups. A possible reason for this relationship is that 

there were a higher percentage of international males (master’s, 7%; Ph.D., 10%) 

than international females (master's, 3%; Ph.D., 2%), who as discussed 

previously received lower GGPA's than North American students. There are also 

a higher percentage of males in colleges other than Applied Human Sciences 

(master's, 44%; Ph.D., 60%) than females (master's, 29%; Ph.D., 24%). Recall 

that students in the College of Applied Human Sciences received the highest 

GGPA's of all the other colleges at Colorado State University.

Gender was also considered a significant predictor of GGPA at the 

master's level in both the regression model and the ANN model, loading second 

in the regression model and third in the ANN model. For the Ph.D. students,
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gender was a significant predictor in the ANN model, but not in the regression 

model.

Two studies were found in the literature that examined the relationship of 

gender to GGPA. Paolillo (1982) found gender to be significantly related to 

GGPA when the two variables were correlated (r=. 14, jd=. 05), but was not a 

significant predictor in a stepwise multiple regression model. This finding is 

consistent with the results of this study with the Ph.D. student group where 

gender was significantly correlated to GGPA (r= -. 06), but was not a significant 

predictor in the regression model. Graham (1991) included gender as a possible 

predictor variable of GGPA for master's students in a stepwise regression model 

and found no statistical significance. The current study contradicts Graham and 

Paolillo's findings and determined that gender was a significant predictor of 

GGPA at the master’s level.

Marital status. Martial status was significantly correlated to GGPA at the 

master's level (fi<. 001) but was not significantly related to GGPA at the Ph.D. 

level using the Mann Whitney U. Married master's students receive higher 

GGPA's than single master's students. In an attempt to determine a reason for 

this relationship at the master's level, multiple cross tabs were run to determine if 

there was a greater number of married females, married students in the College 

of Applied Human Sciences, or married students that were North American 

citizens. These variables were chosen because of the significant relationship 

they had with GGPA. Percentages between married and single students within 

these areas differed by only a couple of percentages in each case. To further
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add to the perplexity of the relationship of marital status to GGPA, marital status 

loaded as a significant predictor of GGPA in both regression models (master's 

and Ph.D.) and both ANN models (master's and Ph.D.) indicating that when 

grouped with other predictor variables, married marital status had predictive 

value. Two studies in the literature (Paolillo, 1982; Graham, 1991) found no 

statistically significant predictability of marital status on GGPA for master's 

students.

Age. Age was determined to be significantly related to GGPA at the Ph.D. 

level (rho=-. 097, £=. 006), but was not significant at the master's level. Younger 

Ph.D. students receive higher GGPA's. However, it is important to note that this 

relationship is weak. Age can only account for .9% of the variability in GGPA for 

Ph.D. students (rho2=. 009). A possible explanation for this relationship could be 

that more Ph.D. students are returning to the University after taking time for 

family, careers, and other life issues. Study skills could be rusty and the rigor of 

a Ph.D. program is high. In general, the earlier in life a student enters a Ph.D. 

program, the more likely they are to receive a higher GGPA.

Age was considered a significant predictor variable in both the master's 

ANN model and the Ph.D. ANN model. In addition, the Ph.D. regression model 

indicated that age has predictive value. All three models load age as one of the 

last variables indicating the predictive value is low. Fisher and Resnick (1990), 

Graham, (1991), and Paolillo (1982) included age as a potential predictor of 

GGPA for master's students and found no predictive value. This study is 

somewhat consistent with those results. The ANN model indicated that age had
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weak predictive value at the master's level, but it was the second to last variable 

to load. It is possible that the ANN model for master's students identified an non­

linear relationship between age and GGPA that the linear regression model was 

not able to detect.

GRE Verbal score. GRE verbal scores were significantly correlated to 

GGPA for at both the master's level (rho=.135, g<. 001) and the Ph.D. level 

(rho=.225, jd<. 001). The higher the GRE verbal scores the higher the GGPA at 

both levels. GRE verbal scores also loaded as significant predictors in both the 

regression and ANN models at both student levels indicating that GRE verbal 

scores are a definite, if relatively weak predictor of GGPA at Colorado State 

University. This finding is consistent with the existing literature. Brown and 

Weaver (1979) determined that the GRE verbal score was a clear predictor of 

graduate grades for 129 journalism students at Indiana University (no statistical 

results were provided). Morrow (1993) found a significant correlation (p=. 42, jd=. 

01) between GRE verbal scores and GGPA. Morrow found a much stronger 

relationship between GRE verbal scores and GGPA than was found by this 

study. Kirnan and Geisinger (1981) determined that there was a significant 

relationship (r=. 43, g<. 001) between GRE verbal scores and grades on a 

master's comprehensive examination. However, Nelson and Nelson (1995) 

performed a logistic regression model with master's degree completion as the 

outcome variable and determined that GRE verbal scores were not significant 

predictors of degree completion for probationary students. They did however find
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statistical significance between GRE verbal scores and degree completion for 

regularly admitted students (jd<. 001).

GRE Quantitative scores. GRE quantitative scores were not significantly 

correlated to GGPA for either the master's students or the Ph.D. students. Also, 

the regression and ANN models found no predictive value for master's students, 

neither did the regression model for Ph.D. students. However, GRE quantitative 

scores were determined to have predictive value by the Ph.D. ANN model. GRE 

quantitative score was the fourth variable to load. It is interesting that the 

correlation between the GRE quantitative score and GGPA for Ph.D. students 

was not significant, yet the ANN model determined predictive value. Once again, 

it is possible that the ANN found a non-linear relationship between GRE 

quantitative scores and GGPA that the linear regression model was not able to 

detect. Predictive value in the GRE quantitative score was also found in several 

other studies. King et al. (1993) reported that the GRE quantitative score had 

better predictive value of GGPA than either of the other GRE scores (verbal and 

analytical) for students in the Harvard Government Department. Morrow (1993) 

found GRE quantitative scores to be significantly correlated to GGPA (r=. 40, jd=. 

01) however, it was the weakest correlation of all three GRE scores. Kirnan and 

Geisinger (1981) found a correlation (r=. 27, jd<. 001) between GRE quantitative 

scores and a master's comprehensive examination. Nelson and Nelson's (1995) 

logistic regression model found statistical significance between GRE quantitative 

scores and master's degree completion for probationary students (jd=. 01) but no 

significance for those student admitted regularly. Brown and Weaver (1979)
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determined that GRE quantitative scores had predictive value for GGPA only for 

journalism students entering with no previous professional experience. The 

predictive value of GRE quantitative scores is inconclusive and the predictive 

value is weak.

GRE Analytical scores. GRE analytical scores were significantly 

correlated to GGPA at both the master's level (rho=.136, p<. 001) and the Ph.D. 

level (rho=.202. jd<. 001). The higher the GRE analytical score, the higher the 

GGPA. In addition, it was determined to be a significant predictor of GGPA by 

both regression and ANN models for both student levels. Although GRE 

analytical scores were only used as potential predictor variables by two of the 

studies utilizing GRE scores, both found statistical significance. Morrow (1993) 

found GRE analytical scores to have the highest correlation to GGPA of all three 

GRE scores (r=. 57, p=. 01). In addition Nelson and Nelson's (1995) study found 

GRE analytical scores to be statistically related to master's degree completion for 

probationary students (£=. 03) but not related to degree completion for regularly 

admitted students.

Model comparison

Referring back to Table 24 which compares the simultaneous regression 

models for both master's and Ph.D. student groups and the ANN models for both 

master's and Ph.D. student groups, there are similarities and differences. Within 

the master's student group, the two models are remarkably similar. The squared 

multiple correlation's differ by only a percentage. The variables that loaded are 

also very similar. The ANN model added two variables to the list of those with
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predictive value, age and citizenship continent. It can be concluded that the 

regression model and the ANN model perform similarly for the master's student 

group, with the ANN perhaps having a higher sensitivity to variables with weaker 

predictive power than the regression model.

Within the Ph.D. group, however, there are markedly different results. The 

best ANN model appears to have outperformed the regression model when 

comparing the multiple correlations. In addition, the variables that were 

determined to have predictive value are dissimilar. Caution needs to be taken in 

interpreting these results. The N for the Ph.D. ANN model was only 520 cases. 

This is considered a very small sample size for ANNs and in performing the five 

test models, results were very different for each test. Correlation's ranged from 

R=.282 to R=.486. In addition, the variables determined to be significant 

predictors were not consistent across the five test networks. This study reports 

the results of the top-performing network based on correlation numbers, but once 

again, caution needs to be taking in interpreting the results. Additional tests need 

to be run with a larger sample in order to be confident of the accuracy of the 

output.

More confidence can be taken in the results of the master's group. Each 

of the five test models performed by the ANN were consistent in the correlation 

and which variables were determined to be predictors. It is determined that 

traditional statistical techniques such as simultaneous regression, and artificial 

neural networking perform basically the same for these types of research 

questions. Regression could account for 11% of the variance in GGPA and ANNs
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could account for 12%. These results are consistent with the only other study 

found in the field of educational research where ANN technology was compared 

to traditional statistical methods (Gorr et al. 1994). It was determined that ANNs 

performed no better than traditional methods in determining GGPA. Studies in 

other fields, however, did determine ANNs to outperform traditional statistical 

methods (Chance, MacLin & Lykins, 1993; Everson, 1994; Lykins & Chance, 

1992b; MacLin, Chance & Lykins, 1993) In a review of literature by Zhang et al. 

(1997) which compared ANN technology to traditional statistical methods across 

multiple types of research projects, results were mixed. O f the 11 reviewed 

studies, three studies found ANNs to be inferior to regression; three studies 

found similar results to this study and concluded them to be no different; and five 

studies reported ANNs to be superior to traditional statistical methods. Perhaps 

this can be attributed to the high technological level of ANNs. Even though the 

researcher had help from experts in the field, including the engineers at StatSoft, 

the developers of the software, and did what was reasonable, it was very difficult 

to understand the results of the ANN software.

Limitations of the database

Creating and maintaining an accurate historical database is paramount for 

analysis of the admissions process. It was found during the course of this 

research that Colorado State University is not doing that very well. There were 

several databases available on campus for use in this study; however all were 

incomplete. The amount of missing data was a large detriment to the accuracy 

of the results in this study. O f the original list of 15 independent variables
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selected for the study, only eight were at least 98% complete. Ethnicity was 84% 

complete and was later eliminated from the list o f independent variables due to 

issues of multicolliniarity and missing data. The GRE scores were 86% complete 

but were retained as independent variables based on the reviewed literature. 

Several past studies found GRE scores to be good predictors of graduate 

student success (Brown & Weaver, 1979; King et al. 1993; Kirnan & Geisinger, 

1981; Morrow, 1993; Nelson & Nelson, 1995). Another important variable in 

predicting graduate success, according to the past literature, was undergraduate 

grade point average (UGPA). This variable was only 28% complete. With this 

amount of missing data, it was determined that this variable would not be useful 

in this study. In addition, the variable of undergraduate credits completed was 

eliminated based on the fact that it was only 38% complete. Several people told 

the researcher that undergraduate information was available, but on further 

investigation it was determined that only information for students who completed 

their undergraduate studies at Colorado State University (CSU) had 

undergraduate information in the database. Another discrepancy in the data was 

the percentage of students who graduated. The CSU database indicated that 

85% of the entering graduate students actually graduated. It was originally 

thought that graduate or not graduate could be an interesting dependent variable, 

however, due to the difference between the national figure of approximately 50% 

and the database figure of 85%, it was decided that this would be eliminated as 

an accurate dependent variable.
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Impact on the study

The unavailability of these variables actually caused the study to change. 

Of the nine variables used in the study, only three could actually be considered 

admission criteria, the three GRE scores. The remaining variables are more 

associated with the description or profile of a successful graduate student; 

college, gender, marital status, age, citizenship continent, and resident region. 

Although this is valuable information fora profile of successful graduate students, 

admissions decisions can not be based on these factors. It would be illegal to 

use several of the variables and impractical to use others. Assessing the 

predictive value of undergraduate information on graduate student success is 

extremely difficult, if not impossible, if this information is not available to 

researchers in a complete, accurate, and electronic format. Borchert (1994) in a 

report by the Council of Graduate Schools states that institutions should establish 

record keeping systems that allow them to analyze their admissions process. 

Diminnie (1992) stated the following:

An important factor in evaluating the success of the admissions process is 

the determination of student success (or failure) as correlated with his or 

her admissions credentials...To effectively evaluate the admissions 

process, a centralized database that tracks the applicant pool is a 

necessity, (p. 35)

Colorado State University would be well served to better maintain student record 

databases to facilitate future analysis for admissions criteria and processes.
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Recommendations for future practice and research

Practice. Caution needs to be taken in applying ANN technology in 

admissions decision making. Everson (1994) concluded that further research in 

the way neural networking computing can be used in conjunction with traditional 

statistical methods might improve our ability to accurately assess appropriate 

educational experiences for students. However, this researcher feels th a t further 

analysis and understanding of ANN technology is warranted before accurate 

practical application can be validated. Zhang et al. (1997) concluded th a t even 

though ANNs provide a great deal of promise, they also involve a great deal of 

uncertainty. Zhang et al. stated that the limited number of empirical studies 

result in the too common use of words such as "seem" and "appear." In  drawing 

this conclusion they state several specific points which were also experienced in 

this research study. First, ANNs have no specific way to explain the relationship 

between inputs and outputs. ANNs have been termed "black-box meth ods".

This makes interpreting the results very difficult and making comparison to other 

models arduous at best. Second, there are no confirmed methods to determine 

which network structure best fits the function. As a result, a process of trial and 

error and experimentation is used to determine network complexity and fit.

Lastly, ANNs require larger data sets than traditional methods. When these large 

data sets are used in both ANNs and traditional methods, statistical significance 

is found but there may be little or no practical significance.

In addition to better understanding ANN technology, the use of d ifferent 

types of traditional statistical methods for assessing which admissions variables
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are accurate predictors of graduate student success may yield different results. 

This study utilized simultaneous multiple regression. Perhaps the use of other 

types of regression, such as stepwise multiple regression, would yield different 

results. Identifying different outcome variables, such as whether or not a student 

completes the degree, the use of logistic regression or discriminate analysis may 

also lead to different conclusions.

Monitoring and assessing admissions policies and criteria need to be 

ongoing processes. Diminnie (1992) concluded that monitoring the outcomes of 

admission policies and academic success should be a continuing process. 

Accurate and complete historical databases should be developed and maintained 

in such a manner to facilitate analysis. Researchers should have availability and 

access to these databases to regularly perform studies on admissions criteria, 

acceptance standards, and graduate student success.

Finally, there are ethical issues that need to be addressed. The use of 

variables such as ethnicity and age may or may not provide helpful information in 

regards to what makes a successful graduate student. Regardless of their 

informative value, basing admissions decisions on either of these factors is 

illegal. As researchers, is it ethical to include these variables in studies when no 

practical action can be taken based on the outcomes?

Future research. Other outcome variables to define graduate student 

success should be studied. Brown and Weaver (1979) and Nelson and Nelson 

(1995) used the outcome variable of degree completion as a determinant of 

graduate student success. Both studies found UGPA and GRE scores to be
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predictors of graduate degree completion. Another study by Fiedler et al. (1993) 

looked at career success as a determinant of graduate student success. They 

concluded that UGPA and an English proficiency test score were accurate 

predictors of graduate student career success. Tracking degree completion and 

employment of students after graduation may provide valuable insight into what 

type of admissions criteria are the best predictors of long term success.

The use of college as a predictor variable could be problematic. In fact, it 

is not an admission criterion. Different colleges have different admissions criteria 

and standards. It is difficult and perhaps not accurate to compare students 

across colleges. There are two proposed solutions to this. First, standardization 

of GGPA across colleges might reduce the effect that the variable college places 

on the other predictors. Another solution, and perhaps a better one, is to look at 

colleges on an individual basis. Nelson and Nelson (1995) studied admissions 

criteria across eight different colleges and concluded that predictors of graduate 

student success depended on the major area of study.

A final consideration for admissions committees and future researchers in 

the area of graduate admissions is that the studied admissions variables taken 

together were able to accurately predict 12% of the variance in GGPA. This 

leaves abundant room for additional assessments of a student's potential 

success or failure. Such assessments may include more qualitative 

requirements such as letters of recommendation, writing samples, interviews, 

portfolios, and prior professional experience. Clark and Palattella (1997) reported 

on a study by David Bordwell of the University of Wisconsin, Madison who
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concluded that the applicants writing sample was a more accurate predictor of 

applicant promise than the GRE scores. Hall and Baily (1992) concluded that 

although standardized test scores and UGPA had predictive value on first year 

GPA, interview scores outperformed both in predicting scores on a professional 

medical exam. Hagedorn (1996) concluded that portfolio assessment and group 

interviews were found to be more effective models for predicting the success of 

women, minorities and older students. What is needed is the development of 

quantitative models or procedures to objectively measure or evaluate these types 

of admissions requirements.

Conclusion

Admissions are a complex issue. Even though we study admission 

variables in an attempt to predict the success of graduate students, the final 

decision as to whether a student is admitted or not will always involve human 

judgment. This study was able to determine certain variables that could predict 

10-12% of the variance in GGPA, and perhaps there are other variables which 

could improve that number, but ultimately humans will make the final decision. 

Gorr et al. (1994) and King et al. (1993) both concluded that human judgment 

was equal to or better in selecting successful graduate students than statistical 

models. When humans judge humans, some clues can be obtained from the 

numbers, but determining which students are admitted to graduate school is not 

solely a numbers game. This research supports these findings, in concluding 

that quantitative data can offer some level of help in determining which graduate
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students will be successful. This help, however, is small and offers little practical 

significance in our ability to predict individual student success.
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