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Jonason, Gregory. “Data Mining A PeopleSoft Database To Assist In Developing Student 

Retention Interventions.” Unpublished Doctor of Education Dissertation, 

University of Houston, December 2016. 

Abstract 

Per a Bellwether Education Partners study (Aldeman, 2015, p. 8), "As of 2013, there 

were 29.1 million college dropouts versus 24.5 million Americans who dropped out with 

less than a high school diploma. In pure, raw numbers, college dropouts are a bigger 

problem than high school dropouts." Conceptually this study is framed within theories of 

student persistence/attainment and the Knowledge Discovery Process (KDP). This 

research study developed first time in college (FTIC) and transfer (TRAN) student 

graduation prediction models by using decision trees and support vector machine (SVM) 

classification algorithms and identified attributes of students who graduate and do not 

graduate. Data was collected from the University of Houston’s data warehouse to provide 

detailed student academic records as the basis for quantitative analysis. The data set 

included male and female undergraduate students enrolled in the College of Education’s 

Teaching & Learning Program from 2000-2012 at the University of Houston. These 

findings may contribute to improving student success and subsequent graduation rates in 

the College of Education and other colleges across the campus. 

 
Keywords:  knowledge discovery process (KDP), data mining, PeopleSoft, student 

retention, database, student intervention, persistence, attainment   
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Chapter 1 

Introduction 

This dissertation is about persistence. 1 Persistence is an incredibly important trait 

throughout our lives. For most achievements, especially those that require a great deal of 

time and effort, persistence is essential. The online version of the Oxford Dictionary 

(2016) defines persistence as the "firm or obstinate continuance in a course of action in 

spite of difficulty or opposition." Higher education is a great example of a situation that 

demands persistence. Getting through the higher education system and obtaining a degree 

usually requires at least some struggle on the part of each student. Successfully 

navigating the system and process of higher education often requires continuing firmly in 

a course of action despite difficulty. Those who persist through these challenges are 

rewarded with a degree as well as with the academic, psychological, and sociological 

knowledge that they gain through the process. 

Persistence by students in academic programs is necessary if they aim to graduate 

and obtain degrees. However, ensuring that students persist and stay in school is often a 

significant challenge to institutions of higher education. U.S. News and World Report 

(2016a) reports that the University of Houston has a freshman student retention rate of 

85%. As a Carnegie designated Tier One research university, this retention rate does not 

match up against the other Tier One institutions in Texas mentioned in the same study 

 

1 The terms persistence and retention are frequently used interchangeably and differentiation of 
the two has not yet been effectively accomplished (Voigt & Hundrieser, 2008). For the current study, these 
two terms will be used synonymously. 
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such as University of Texas at Austin with 95% and Texas A&M University at College 

Station with 91% student retention rates. In fact, although they are smaller private 

universities in Texas, there are four other schools that out-retain students ahead of the 

University of Houston. These universities are Rice University at 97%, Southern 

Methodist University with 90%, Texas Christian University with 90%, Baylor University 

at 88% student retention rates. 

Resolving the problem of high dropout rates among university students begins 

with recognizing students who are not actively engaged in their studies. One approach to 

determining if students are at-risk involves monitoring academic progress via official 

records. Swecker, Fifolt, & Searby (2013, p. 46) state, "Academic advising has 

consistently been reported as a positive influence on student retention, and academic 

advisors are among the few individuals at the institution with whom students can obtain 

access and make a connection." However, if the process relies on academic advisors' 

experiences or intuition, it may be less likely to reliably differentiate between struggling 

students who are temporarily challenged versus those who might drop out. Furthermore, 

even if academic advisors can correctly and consistently identify at-risk students, their 

efforts may be too late for students who are already on academic probation. Fortunately, 

this process has notably changed with the increasing emphasis on data analysis and data 

intelligence. Consider some observations concerning data analysis made by Barker, 

Trafalis, & Rhoads (2004): 

Technological developments have allowed for better collection and, more 

importantly, analysis of large amounts of data. The need for understanding large 

data sets is found in engineering, business, medicine, and many other areas. 
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Useful knowledge is hidden in many of these data sets, and there is an increased 

need to discover and use this knowledge, particularly in student data. The 

knowledge of interest to a university could include knowing whether a student is 

likely to graduate in, say, six years. (p. 79) 

 

Problem Statement 

Universities across the United States vary in regards to their focus on student 

persistence and the methods and standards they use to determine which individuals may 

be at-risk. Hagedorn (2005) defines a persister as a student who enrolls in college and 

stays enrolled until they graduate and a non-persister as a student who leaves college and 

never returns. However, there is great variance and controversy across universities 

regarding the definitions and categorizations of persisters versus non-persisters 

(Hagedorn, 2005). Establishing definitions for persistence/non-persistence that 

universities can agree upon is of great importance. Hagedorn (2005) says university 

campuses are filled with the following scenarios among their student bodies: 

Table 1 
Different outcomes for a student academic career at a university 
 
 Student Scenario Type 
 A Enrolls in a university, remains enrolled for 2 years, and stops out to return 6 years later. 
 B Enrolls in a university, remains for 1 year and transfers to another university to complete 

the degree. 
 C Enrolls in 2 community colleges simultaneously, ultimately earning a certificate from 

one of them. 
 D Enrolls in college, but does not complete any credits. The next year the student reenrolls 

and remains continuously enrolled to degree completion. 
 E Begins in a community college and successfully transfers to a university, however, the 

student is not successful at the university and leaves prior to earning any credits. The 
next semester the student returns to the community college taking the few remaining 
courses necessary to earn an associate degree. 

 F Enrolls for a full-time load of five courses (15 units of college credits), but drops all but 
one class (3 units). 

 G Enrolls in two courses, drops one and keeps only a physical education course. 



 

 

 

4 

 H Enrolls in a community college for a full load of remedial courses, reenrolling in the 
same courses the next semester because he/she has not yet mastered the material. 

 I Enrolls in a full-time load of courses, but due to low GPA and lack of progress is 
academically suspended. 

 J Due to unlawful behavior, is judiciously expelled from the university. 
 

Establishing metrics for identifying which students are at-risk for being retained 

versus dropped out is also an important step that universities should aim to achieve. 

Although Hagedorn (2005) notes that these terms are more similar than we might think, 

he also cites Astin (1971) on this topic: 

…the term “dropout” is imperfectly defined: the so-called dropouts may 

ultimately become nondropouts and vice versa...But there seems to be no practical 

way out of the dilemma: A “perfect” classification of dropouts versus 

nondropouts could be achieved only when all of the students had either died 

without ever finishing college or had finished college. (p. 15) 

The process for standardizing definitions regarding persisters and non-persisters 

required that an established method be developed for accurately predicting which 

students graduated (persisted) and those who did not graduate. 

Purpose of the Study  

The purpose of this study was two-fold. First, by using data mining techniques, 

can student graduation be accurately predicted? Second, which student-level 

attributes/variables helped in predicting who graduated (i.e., persisted) or did not 

graduate? This study built a case for the use of Data-Informed Decision Making (DIDM), 

as supported by some of the latest data mining techniques, to establish standardized 

metrics and methods for identifying university persisters and non-persisters. This study 

employed and evaluated multiple data mining algorithms that predicted with varying 
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amounts of accuracy whether a student graduated or not. If the results of this research are 

deemed useful to administrative staff, the results can then be used as the basis for future 

development of academic interventions for students while they are learning to become 

teachers. Effective interventions may help retain those identified as non-persisters while 

they are in school. Appendix A includes definitions of terms used in this paper. 

Research Questions 

This study sought to provide answers to the following research questions: 

 
(1) Based on the data, how well are data mining algorithms able to predict 

whether a student will graduate? 

(2) Which student-level attributes/variables pertain to students who graduate (i.e., 

persist) or do not graduate? 

Context for the Study 

The study occurred in the Teaching & Learning Program in the College of 

Education at the University of Houston in Houston, Texas. A public institution founded 

in 1927, the University of Houston has a total undergraduate enrollment of approximately 

31,587. Its urban campus is 594 acres. It utilizes a semester-based academic calendar. 

University of Houston's ranking among National Universities in the 2015 edition of Best 

Colleges is 189. In-state tuition and fees are $10,518 (2014-15), while out-of-state tuition 

and fees are $24,378 (2014-15)" (U.S. News and World Report, 2015b). 

Analyses were conducted using archival data extracted from the University of 

Houston’s PeopleSoft ERP System. One objective of this study was that processes and 

results may be used as a proof-of-concept model for the College of Education and 
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possibly other colleges on campus. 

Significance of the Problem 

The Teaching & Learning Program in the College of Education at the University 

of Houston holds the great responsibility of supplying high-quality educators to Houston-

area schools as well as to schools throughout the state of Texas (and the world). These 

educators must be versed in the latest teaching techniques and methodologies and should 

be prepared to thrive in the environment of public and private education to inspire the 

generations of students that they will be teaching. Accomplishing these tasks is no easy 

feat, so having a quality program to educate these future teachers is key. 

Descriptive and predictive student academic profiles were developed through the 

process of data mining (i.e. “knowledge discovery”) and used Teaching & Learning 

Program student data to help the College of Education faculty and administration best 

identify and support student needs. As stated earlier, if this process is shown to be 

effective at the College of Education, aspects of these methods may generalize to other 

colleges on campus, where similar techniques may be implemented. These interventions 

might ultimately retain additional populations of identified non-persister students. 

It is the College of Education’s duty to support at-risk students, along with 

identifying new strategies for achieving this goal. This research study aims to supply the 

methods for accomplishing these objectives. Additionally, the ability to identify student 

success and to remediate academically at-risk students will send a strong, positive 

message to the university community. Finally, establishing a process of identifying 

persisting and non-persisting students in the College of Education using contemporary 

data mining methods will be yet another way of reassuring students that their success is a 
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top priority. 

Educational Value of the Study 

 The proposed educational value of this study comprises three important areas that 

are often associated with an institute of higher learning: 1) policy, 2) processes, and 3) 

principles. First, this study explores the policies associated with extracting data from a 

large Enterprise Resource Planning (ERP) system at a large, 4-year university. At the 

University of Houston, the Institutional Review Board (IRB) is required to approve this 

type of data usage and needs approval of the data request by the Chief Security Officer 

(CSO). Policies at other institutions of higher education are often published in an 

information technology policy manual or some other administrative policy handbook. 

Understanding these institutional policies can prove quite beneficial in regards to 

planning research or project timelines. 

Second, this study uses the fundamentals of the Extract, Transform, Load (ETL) 

and Exploratory Data Analysis (EDA) processes. These are important database 

management and data mining concepts involved in the KDP, which, as previously 

mentioned, is a large part of transforming data into knowledge. This process may be 

applied to an infinite number of problem sets involving any industry or discipline. 

Finally, the principles of what make for a good student retention program at a 4-

year university were explored. The educational merits of understanding the factors that 

provide the foundation for high-quality retention efforts are evident, yet attempts to 

undertake this type of exploration are often lacking. As described by Tinto (2007), 

“…while it is true that retention programs abound on our campuses, most institutions 

have not taken student retention seriously” (p. 1). 
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Delimitations 

The sample for this study was comprised of two (2) 6-year (Fall 2000 and 2006) 

first time in college (FTIC) student cohorts and four (4) 3-year (Fall 2000, 2003, 2006, 

and 2009) transfer student cohorts (see Table 2). 

Table 2 
Study sample 
 
 First-Time in College (FTIC) Cohorts  Transfer (TRAN) Cohorts 
 6-Year Cohorts 3-Year Cohorts 
Cohort 1 Fall 2000 - Summer 2006 Fall 2000 - Summer 2003 
Cohort 2 Fall 2006 - Summer 2012 Fall 2003 - Summer 2006 
Cohort 3  N/A  Fall 2006 - Summer 2009 
Cohort 4   N/A  Fall 2009 - Summer 2012 

 

The data used for this study come from the University's PeopleSoft data 

warehouse. This database architecture is unique to the University of Houston; other 

academic institutions likely have very different architectures and amounts of data. 

Therefore, the student model outcomes in this study may not be generalized to student 

data housed within institutions other than the University of Houston. Given these threats 

to external validity, the results from this study are most directly useful for individuals at 

the University of Houston. However, the study provides information about valuable 

methods and processes that researchers from other academic institutions and 

organizations may be interested in using. 

Limitations of the Study 

This study has a few limitations that may result from relying on the University of 

Houston student sample and data warehouse. Each limitation is noted and discussed 

below. 
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Small data set. Data mining and machine learning algorithms work best when 

there are large volumes of data available. In journals and trade publications, oftentimes 

these data are generally in the order of millions, if not several billions, of records. The 

data for this study will be significantly less voluminous and limited to the Teaching & 

Learning Program in the College of Education at the University of Houston. It is 

generally assumed that more data, trends, and classifications lead to the identification of 

more accurate data models. However, it is also true that more data can perpetuate already 

erroneous findings brought about by faulty methods employed during the data cleaning 

and preprocessing stage in the Knowledge Discovery Process (KDP). The KDP, in short, 

is the process of transforming data into knowledge. 

Missing data. A likely issue in this study is missing data. One benefit is that this 

study was performed entirely on data gathered on undergraduate students. Historically, 

data collection for undergraduate students at the University of Houston utilizes a much 

more standardized procedure than that used for graduate students and, consequently, does 

not tend to suffer from as much missing data. However, appropriate data analysis 

techniques that deal specifically with missing data were applied as needed. To reduce 

these limitations and enhance the quality of study findings, one must pay great attention 

to detail when managing and analyzing the data. 

Assumptions 

The following section contains key assumptions made during the study. The first 

assumption was that the integrity of participants' electronic records stored in the database 

were accurate and free from third-party tampering or malicious modification. To my 

knowledge, at no time during the data extraction process were there any breaches of 
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security to the data warehouse or its corresponding support systems. 

It is also assumed that the student data extracted from the warehouse was 

mutually exclusive to the Teaching & Learning Program in the College of Education. 

Deliberate and accurate measures were taken when designing and writing the SQL 

queries used to extract data from the PeopleSoft data warehouse so as not to accidentally 

retrieve data stored within other database systems housing student records from other 

campuses that are a part of, or affiliated with, the University of Houston. 

A final assumption made when this study was conducted was that everyone in the 

Teaching & Learning Program intended to complete coursework and obtain a degree 

from the College of Education's Teaching & Learning Program at the University of 

Houston. Fortunately, no inconsistencies or revisions to these assumptions were noted 

during the study. 

Summary 

The amount and sophistication of university student-level data continues to 

increase year-by-year due to inexpensive storage and the ubiquity of computing in all 

areas of life. Analysis of this data may provide important results that can be used to 

produce actionable recommendations, which might help students persist and complete 

their university programs. Identifying which attributes are most predictive of persistence 

as well as recognizing the proper model(s) to use to discover patterns in the data may be 

the key to determining an individual student's success or failure. The current study 

attempted to achieve these goals by utilizing the knowledge discovery process with data 

sets generated from a population solely consisting of students enrolled in the College of 

Education's Teaching & Learning Program at the University of Houston from Fall 2000 



 

 

 

11 

to Summer 2012. In the next chapter, I review the literature on student retention, 

persistence, and graduation, and I consider how to explore these through data mining and 

machine learning techniques.
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Chapter 2 

Review of Literature 

This chapter presents an overview of the student retention literature as it pertains 

to the current study and to the KDP. This important and comprehensive process 

empowers educators and data scientists to work together to extract data from one or more 

data storage systems and to convert this inert data into actionable information. A 

historical context is provided as a guide to help understand the student retention 

literature. In addition, this chapter describes key student retention models postulated by 

the leading academics in the field of data science. This chapter also outlines the literature 

on various at-risk contexts for students in the higher education setting. Identifying these 

contexts were critical to formulating this study's research questions, methodological 

approaches, and data mining techniques. This chapter also covers the literature pertaining 

to data mining techniques specifically, and to KDP more generally. Finally, this chapter 

describes how our current understanding of student retention and KDP work together to 

allow for prediction of student graduation rates in higher education for this study and how 

data mining has been used to develop student graduation prediction models. 

The literature review presented in this chapter provides a comprehensive 

summary of our current understanding of student retention and KDP. In addition, it 

attempts to establish the rationale for why student retention is of interest to educators as 

well as to school administrators of academic institutions preparing students for careers 

focused on the education and growth of future generations. 
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Student Retention 

It is important to first identify the initial research on student retention and to 

discuss how the studies have historically been conceptualized. Aljohani (2014) and 

Berger, Ramirez, and Lyon (2012) stratify the eras and periods of development associated 

with key student retention studies (see Table 3).  

Table 3 
Eras of the development of student retention studies 
 
Category # Era # Era Description Period 
 1 1 Retention prehistory  1600s - mid 1800s 
 1 2 Evolving toward retention  Mid 1800s - 1900 
 1 3 Early development  1900 - 1950 
 1 4 Dealing with expansion  1950s 
 2 5 Preventing dropout  1960s 
 2 6 Building theories  1970s 
 2 7 Managing enrollment  1980s 
 2 8 Broadening horizons  1990s 
 2 9 Early 21st century  Current/future trends 
 (Aljohani, 2014; Berger et al., 2012) 
Note. For clarification purposes, I have added the Category # and Era # columns. I have also added a 
dividing line between the two (2) major categories. 

 

The first category (i.e., the first four eras) occurred before the 1960s and lacked a 

systematic approach toward analysis and understanding the topic of student retention. 

Berger et al. (2012) noted that student retention during these eras was not a concern, 

since graduation itself was not an actual goal held by students. The second category (i.e., 

the last five eras) began to develop the idea of maintaining or improving student retention 

as a major goal in the education space. Studies taking place in these eras established the 

theoretical foundation for how we currently conceptualize student retention and its 

implications (Aljohani, 2014). 

It is also important to specifically note the theoretical perspectives used to 
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consider student retention over the years. According to Aljohani (2014), there have been 

four key perspectives associated with student retention theories: (a) psychological (Astin, 

1984; Bean & Eaton, 2002); (b) sociological (Astin, 1984); (c) organizational (Bean, 

1980, 1982, 1983); (d) economic (John & Asker, 2003; Manski & Wise, 1983); and (e) 

interactional. 

 The psychological perspective focuses exclusively on students themselves and 

mainly attributes lack of persistence to individual deficits. The sociological perspective 

takes individuals into account, but also their relationships with, and placement within, the 

institution is also considered. An organizational perspective focuses on the institution 

itself (e.g., faculty and administrative personnel; Tinto, 1993). The economic perspective 

espouses that students apply cost/benefit analyses to their academic programs (Habley, 

Bloom, & Robbins, 2012; Tinto, 1993). Finally, the interactional perspective considers 

students' interactions within academic and social systems (Tinto, 1993). 

Prior to 1970, many studies that dealt with student retention put more focus on the 

student as an individual and their academic potential and predisposition rather than on 

their relationships, specifically to their college environments (Berger et al., 2012; Habley 

et al., 2012; Spady, 1970, 1971; Tinto, 1993, 2007). Berger et al. (2012) note these 

studies tended to come from a psychological, rather than sociological, perspective. In 

fact, Spady’s (1971) publication on dropouts from higher education is thought to be the 

first study using a sociological student retention model (Aljohani, 2014). Spady, Tinto, 

and Bean's well-known and highly regarded student retention theoretical models originate 

in three areas of study (as noted by Aljohani, 2014). The first theoretical model's origin is 

covered by Spady from the field of sociology. Spady drew from Durkheim’s (1951) 
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suicide theory, which says that suicidal behavior stems from a deficiency of one's 

"integration into the social life of his or her society" and points out the parallel between 

suicide and student attrition suggesting that they are both conscious acts of social 

withdrawal (Aljohani, 2014). Tinto covers the second student retention theoretical model, 

from the area of social anthropology. Tinto apparently was impacted by Van Gennep’s 

(1960) work on tribal rites of passage, so he equates these stages (separation, transition 

and incorporation) with the process that college students go through to end their ties to an 

old community so they may be assimilated into the social and cultural norms of the new 

one they find themselves becoming a part of (Aljohani, 2014). The final student 

theoretical model, which Bean discusses, finds its origins in the field of human resources. 

Price’s (1977) concept of labor turnover is at the core of this model and states that the 

definition of employee turnover can be defined as 'the degree of individual movement 

across the membership boundary of a social system' (Price, 1977, p. 4). Bean maintains 

that the critically important employee turnover "pay" (i.e. currency) variable in student 

retention can be attributed to factors such as a student's perception of the practical value 

of the degree they are earning, their grade point average (GPA), the quality of the 

institution they are attending, etc. (Aljohani, 2014). 

Given that citations of Tinto’s 1993 book Leaving College number in the 

thousands, let us focus on the theory that provides its foundation. Van Gennep’s 1960 

study identified three major phases regarding the rites of passage in tribal societies: 

separation, transition, and integration. Aljohani (2014) succinctly shows that Tinto’s 

theory proposes a college student must first separate themselves from their old 

communities to allow for the adoption of the norms and behaviors of their new ones. 
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Second, the student must then transition toward the final stage of incorporation within the 

norms of their new community. Finally, after successfully separating from the norms and 

behaviors of their previous community, a student becomes fully integrated into the 

society of their new college environment. 

Student Retention Models 

Aljohani (2014) also reports the six most-cited student retention theoretical 

models as follows: (a) Undergraduate Dropout Process Model (Spady, 1970, 1971); (b) 

Institutional Departure Model (Tinto, 1975, 1993); (c) Student Attrition Model (Bean, 

1980, 1982); (d) Student–Faculty Informal Contact Model (Pascarella & Terenzini, 

1980); (e) Non-traditional Student Attrition Model (Bean & Metzner, 1985); and (f) 

Student Retention Integrated Model (Cabrera, Nora, & Castaneda, 1993). Summaries of 

each model is presented below. 
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The Undergraduate Dropout Process Model. The first process model, the 

Undergraduate Dropout Process Model, comes from Spady’s (1970, 1971) consecutive 

research publications that described what has been considered as the first sociological 

process model for student retention. As shown in Figure 1, this model proposes a 

clustering of the academic and social aspects of students' lives. The quality of the 

interactions within these two areas of a students' environment ultimately influence their 

dropout decisions. 

 

Figure 1. The Undergraduate Dropout Process Model (Aljohani, 2014). 

The Institutional Departure Model. As noted below, Tinto’s Model of 

Institutional Departure (1975, 1993) borrows from Van Gennep’s (1960) work on the 

stages of separation, transition, and incorporation associated with tribal rites of passage. 

Transferring this theory to the experience of higher education, this model notes that at the 

beginning of their college careers, students enter their institutions with goals and 

commitments. Tinto states students' levels of academic and social integration play an 

ongoing role of either weakening or strengthening their goals and commitments. Whether 

a student persists or drops out is largely dependent on whether integration can occur for 



 

 

 

18 

them resulting in successful fluency within this last stage. 

 

Figure 2. The Institutional Departure Model (Aljohani, 2014). 

The Student Attrition Model. Bean (1980, 1982) argues that the Tinto and 

Spady models (along with other retention studies) identified correlations between attrition 

and demographic characteristic variables of students and academic institutions, but did 

not provide any analytical explanations as to why students withdraw from their academic 

institutions. Price (1977) influenced Bean, and the idea that student persistence and 

employee turnover are similar.  Bean concludes that employees and students tended to 

leave for some of the same reasons (Aljohani, 2014). 
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Figure 3. The Student Attrition Model (Aljohani, 2014). 

The Student–Faculty Informal Contact Model. Pascarella and Terenzini’s 

(1980) model emphasizes informal non-classroom related interactions between students 

and faculty. He sees academic institutions as socializing environments that play an 

important role in the transmission of knowledge and facts (Pascarella & Terenzini, 1980). 

It is important to note that a triangular formation of interactions between 1) informal 

contact with faculty, 2) other college experiences, and 3) educational outcomes appear to 

highly influence persistence / withdrawal decisions. 

 

Figure 4. The Student–Faculty Informal Contact Model (Aljohani, 2014).  
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The Non-traditional Undergraduate Student Attrition Model. Bean and 

Metzner (1985) identify a gap in the student retention literature involving a group they 

referred to as non-traditional students. Researchers identify external responsibilities such 

as family commitments and commuting to and from school affect non-traditional 

students. Consequently, these students are not influenced by the types of socialization 

factors that are a part of the life of more traditional students living on campus (Aljohani, 

2014). 

 

 

Figure 5. The Non-traditional Undergraduate Student Attrition Model (Aljohani, 2014). 

The Student Retention Integrated Model. Cabrera et al. (1993) integrate the 

models of Tinto and Bean, claiming that this integration provided a better explanation 

and understanding of the student attrition process. They also concluded that when 

institutions undergo student retention planning, they should emphasize variables that 
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encourage students to persist. Institutional research departments should regularly monitor 

these types of metrics. 

 

Figure 6. The Student Retention Integrated Model (Aljohani, 2014).  

The Student Involvement Theory. Astin’s (1984) Student Involvement Theory 

refers to the "quantity and quality of the physical and psychological energy that students 

invest in the college experience" (p. 528). In other words, the more that students invest 

into their college experiences, the better the quality of their experiences will be. 

Additionally, if the quality of their experiences is high students will persist more often 

when things are not going as easyily as expected. 

The Knowledge Discovery Process (KDP) and Data Mining (DM) 

This section answers a common question involving terminology: What is the 

difference between the terms data mining, knowledge discovery process (KDP), 

knowledge discovery in databases, knowledge discovery, and data mining and knowledge 
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discovery (DM & KD)? Mariscal, Marbán, and Fernández (2010) describe data mining as 

one step in the entire process known as the KDP, although these terms are commonly 

used synonymously, especially in the industry and in the press (Chapman et al., 2000; 

Kurgan & Musilek, 2006; Piatetsky-Shapiro, 2000).  

Piatetsky-Shapiro first coined the term knowledge discovery in databases (KDD) 

in 1991. Piatetsky-Shaphiro and Frawley (1991) and Fayyad, Piatetsky-Shapiro, Smyth, 

and Uthurusamy (1996) recognize the KDD as the complete process of extracting 

information. Fayyad et al. (1996) define KDD “as the non-trivial process of identifying 

valid, novel, potentially useful and ultimately understandable patterns in data" (p. 40; see 

Figure 7). 

Figure 7. Overview of the steps constituting the knowledge discovery in the KDD 
Process (Fayyad et al., 1996). 

 

The year 2000 marked an important point for KDP when Chapman et al. (2000) 

introduced Cross-Industry Standard Process for Data Mining (CRISP-DM) as a data 

mining process model. Chapman et al. (2000) cite the industry website KdNuggets.com 

(2007) as identifying CRISP-DM as the most widely used methodology for developing 

data mining projects (Mariscal et al, 2010). Presutti (1999) states that the main objectives 
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and characteristics of CRISP-DM are (a) to ensure quality of data mining projects results; 

(b) to reduce skills required for data mining; (c) to capture experience for reuse; (d) 

general purpose (i.e., widely stable across varying applications); (e) robustness (i.e., 

insensitive to changes in the environment); (f) tool and technique independence; and (g) 

tool supportable.  

To summarize, although the term data mining may be used interchangeably with 

other industry-accepted terminology, it is important to pay careful attention to context 

when using this term or its alternatives. 

The most popular process methodology involving data mining is CRISP-DM. 

Data mining in relation to CRISP-DM is notably identifiable with business intelligence 

(BI), and data mining is an integral part of the BI process (Cabena, Hadjnian, Stadler, 

Verhees, & Zanasi, 1997). Wikipedia (2015f) defines BI as containing the following 

components: (a) multidimensional aggregation and allocation; (b) denormalization, 

tagging, and standardization; (c) real-time reporting with analytical alert; (d) a method of 

interfacing with unstructured data sources; (e) group consolidation, budgeting, and rolling 

forecasts;  (f) statistical inference and probabilistic simulation; (g) key performance 

indicators optimization; (h) version control and process management; and (i) open item 

management. 

When beginning the KDP, theoretical knowledge is highly useful. However, to 

back up all the theoretical knowledge, one must consider and explore the application of 

these theories by applying the data mining process itself. Business Intelligence processes 

are just that—processes. Avoiding the pitfalls when applying the theoretical concepts and 

ideas traditionally involves the implementation of a tool (see Figure 8). 
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Figure 8. Theory, application, and tools. 

Some data mining tools include, but are not limited to R, Salford Systems, 

Microsoft Business Intelligence (BI) Tools, Dell StatSoft Data Miner, Orange, Weka, and 

SAS. Kurgan and Musilek (2006) note that standardization of data mining process 

models is a necessary step in data mining and knowledge discovery. In the next section, 

we will dive deeper into the various KDP models identified in the literature. The 

importance of going over the various process models lies in the fact that understanding 

how these processes work is key. Just knowing how to mine data by using software tools 

and multiple algorithms does not produce actionable knowledge. The framework is made 

up of the process model that, when designed and executed well, produces knowledge that 

is valid, novel, useful, and understandable (Cios, et al., 2007). 

The term “Knowledge Discovery” (KD) is the act of discovering knowledge 

through a specific subject domain; hence the acronym “KD” is synonymous with “KDP” 

aka “Knowledge Discovery Process”. When the KDP is applied to data extracted from a 

database, this is commonly referred to as "Knowledge Discovery in Databases" aka 

(KDD). Oteiza (2011) defines KDD as “a non-trivial process for identifying valid, new, 

potentially useful and ultimately understandable patterns in data. It consists of nine (9) 

steps that begin with the development and understanding of the application domain to the 
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action on the knowledge discovered. Data mining is one of the steps (seventh) and the 

KDD process is basically the search for patterns of interest in a particular representational 

form or a set of these representations.” In her book entitled "Integration of Data Mining 

in Business Intelligence Systems", Azevedo, et al. (2014) writes "Starting with Fayyad's 

et al. (1996) KDD process modeling, many of KDP modeling used the same process flow 

including most of the following steps: business understanding, data understanding, data 

processing, data mining / modeling, model evaluation, and deployment / visualization. 

Traditional KDP related approaches include: KDD Process (Fayyad et al., 1996) …" (p. 

65).  

Mariscal et al. (2010) also outlines the KDD process in nine steps. Naturally, the 

first step is to learn the application domain that one is seeking to understand and learn 

from. When one understands the domain, going into the second step of creating a target 

data set is not as daunting. The idea is not to focus too broadly or too specifically on a 

specific area to allow for the discovery of useful insights into domain knowledge. 

Variable or attribute identification do not spontaneously produce a usable data set, 

however. The data therefore must be cleaned and prepared. Step 3 includes understanding 

and deciding how one will handle the inevitable "missing data" that can often be 

prevalent. One can then transition into the fourth step of data reduction and projection, 

which involves further limiting variables based on their interestingness and usefulness to 

the overall requirements of the project. The purpose or function of the model that will be 

created by the data mining algorithm and the selection of the proper algorithm(s) are 

steps 5 and 6. Step 7 is where performing the actual "mining" occurs, which hopefully 

leads to uncovering interesting patterns in the data. Steps 8 and 9 are where one interprets 
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the patterns uncovered after data mining that subsequently leads to the application of the 

discovered knowledge to solve problems and improve the status quo. The evolution of the 

data mining process is illustrated in Figure 9. 

 

Figure 9. Evolution of data mining process models and methodologies (Mariscal et al., 
2010). 

 

In their 2010 paper entitled "A survey of data mining and knowledge discovery 

process models and methodologies", Mariscal, Marbán, and Fernández present fourteen 

analyzed approaches to data mining and knowledge discovery. Six of the approaches are 

CRISP-DM related, six are KDD related, and three approaches are considered in the 

"other" category. It is important to have a general understanding and working knowledge 

of these models since some of the slight variations in the models may help to direct the 

reader in a better direction for their research needs and requirements. An example of this 
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is explained by Cios, et al. (2007) where they discuss a "hybrid approach" to the CRISP-

DM KDP. This approach was tailored more to an academic application of the KDP. The 

hybrid approach provided academic researchers with a more general description of the 

KDP steps that was more research-oriented, added a data mining step in lieu of the 

modeling step, offered more detailed feedback mechanisms than CRISP-DM, and 

enabled the hybrid KDP to be more generalizable to other research problems (Cios, et al., 

2007). Below is an overview list of the model groupings which Mariscal, Marbán, and 

Fernández (2010) discuss. Brief descriptions and diagrams of the process flows follow 

the overview list of model groupings. 

KDD category 

• KDD Process 

• Human-Centered 

• Sample, Explore, Modify, Model, Assess (SEMMA) 

• Cabena et al. (1997) data mining process 

• Two Crows 

• Anand and Büchner (1998) Process Model 

 

CRISP-DM category 

• Cross-Industry Standard Process for Data Mining (CRISP-DM) 

• Cios, Teresinska, Konieczna, Potocka, and Sharma (2000) Process Model 

• Rapid Collaborative Data Mining System (RAMSYS) 

• Data Mining for Industrial Engineering (DMIE) 

• DMIE - Five Steps 

• Marbán, Mariscal, Menasalvas, and Segovia (2007) Process Model 
  



 

 

 

28 

"Other" category 

• The Five A’s 

• Six Sigma Paradigm 

• KDD Roadmap 

 
Human-Centered. The Human-Centered Process Model as it relates to KDD is 

focused mostly upon the interaction between the data miner and the data they are 

extracting and analyzing. Notice that most of the steps involved in this process result in 

an overlapping of tool usage. Report, Action, Model, and Monitor are the outputs at the 

end of this process. 

 

Figure 10. Human-Centered Process Model (Mariscal et al., 2010). 
 

Sample, Explore, Modify, Model, Assess (SEMMA). This model refers to the 

core process of conducting data mining. A common misunderstanding is to refer to 

SEMMA as a data mining methodology. SEMMA is not a data mining methodology, but 

rather a logical organization of the functional tool set of SAS Enterprise Miner for 
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carrying out the core tasks of data mining. SAS (2006). Therefore, Mariscal et al. (2010) 

are seemingly erroneous in their classification of SEMMA as an actual KDD 

methodology (see Figure 11). However, it is included here in the literature review since it 

is a popular tool used in conducting data analysis. 

 

Figure 11. Sample, Explore, Modify, Model, Assess (SEMMA; Mariscal, Marbán, & 
Fernández, 2010). 

 

Cabena et al. (1997) Data Mining Process. In the Cabena et al. (1997) Data 

Mining Process, the numbering of the steps is the only difference from the original KDD 

process. The diagram might look as though “Output analysis and review” under the 

Knowledge column is where the investigator produces some reporting or data 

visualization. An assumption is that the arrows and the cloud at the top of the diagram 

imply an iterative process is taking place. 

 

Figure 12. Cabena et al. (1997) Data Mining Process (Mariscal et al. 2010). 
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Two Crows. The Two Crows process is like the KDD process outlined by Fayyad 

et al. (1996), except there are some revisions to the terms used for each step (Mariscal et 

al., 2010; see Figure 13). The way the diagram is formed, it looks as though this process 

is interactive, iterative, and behaves much like a waterfall process.  At Build, Explore, 

and Prepare, the process plateaus, which reinforces the concept of taking time to prepare 

before building a model. 

 

Figure 13. Two Crows Data Mining Process Model (Mariscal et al., 2010). 
 

Anand and Büchner (1998) Process Model. This model consists of eight steps 

(human resource identification, problem specification, data prospecting, domain 

knowledge elicitation, methodology identification, data pre-processing, pattern discovery, 

knowledge post-processing). The model is based on previous work that was adapted to 

web mining projects (Anand & Büchner, 1998; Anand, Patrick, Hughes, & Bell, 1998; 

Büchner, Mulvenna, Anand, & Hughes, 1999). One limitation is that the authors do not 

provide the rest of the steps necessary to use the knowledge discovered from their process 

(Mariscal et al., 2010). 
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Figure 14. Anand and Büchner Process Model (Mariscal et al., 2010). 

 

Cross-Industry Standard Process for Data Mining (CRISP-DM). The steps 

included in the CRISP-DM are illustrated in Figure 15. In fact, many of the variations of 

this process model use the same steps, but are extended or enhanced in some way. The 

typical steps are business understanding, data understanding, data preparation, data 

modeling, model evaluation, and deployment. 
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Figure 15. Cross-Industry Standard Process for Data Mining (CRISP-DM; Wikimedia, 
2015). 

 

Polls conducted in 2007 and 2014 to assess usage of CRISP-DM found that “the 

results [were] surprisingly stable” (KdNuggets.com, 2014). Usage rates of CRISP-DM 

were 42% and 43%, respectively. This high percentage of adoption makes CRISP-DM 

the most popular methodology in the industry (see Figures 16 and 17). 
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Figure 16. CRISP-DM poll (KdNuggets.com, 2014). 

 

 

Figure 17. Rates of CRISP-DM usage by region. 

 

Cios et al. (2000) Process Model. The Cios et al. (2000) process model consists 

of six iterative and interactive steps (Cios & Kurgan, 2005). These six steps are like the 
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traditional KDD process model. Notably, this model is based mainly on web technologies 

such as Extensible Markup Language (XML) and Simple Object Access Protocol 

(SOAP). 

 

 

Figure 18. Cios et al. (2000) Process Model (Cios & Kurgan, 2005). 

 

Rapid Collaborative Data Mining System (RAMSYS). The RAMSYS 

methodology attempts to "achieve the combination of a problem-solving methodology, 

knowledge sharing and ease of communication” (Mariscal et al., 2010, p. 151). This 

model is designed for those who are not grouped in the same geographical locale. 

RAMSYS is based on CRISP-DM, and keeps the same steps in the process (See Figure 

19). 
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Figure 19. Rapid Collaborative Data Mining System (RAMSYS) (Mariscal et al., 2010). 
 

Data Mining Process for Industrial Engineering (DMIE). DMIE methodology 

(Solarte, 2002) establishes different phases from CRISP-DM. One of the main 

differences with this model is the final step, which “consists of a support and 

maintenance phase, involving data backups, data maintenance, data mining model 

updates and software updates when needed” (Mariscal et al., 2010, p. 157). This model is 

primarily oriented to the industrial engineering industry. 
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Figure 20. Data mining process for industrial engineering (DMIE; Mariscal et al., 2010; 
Solarte, 2002) 

 

Marbán et al. (2007) Process Model. Marbán et al.'s (2007) model approaches 

CRISP-DM as though everything were converging toward an engineering problem (see 

Figure 21). With this model, any gaps in the CRISP-DM methodology are filled in with 

engineering processes. The rest of the management and development processes are based 

on two software engineering standard process models: IEEE 1074 (IEEE, 1991) and ISO 

12207 (ISO, 1995) (Mariscal et al., 2010). 
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Figure 21. Process model for data mining engineering (Marbán et al., 2007, 2010). 

 

Five A’s. The Five A’s methodology is more akin to project development than it 

is a process model (de Pisón Ascacibar, 2003; SPSS, 2007). The Five A’s include assess, 

access, analyze, act, and automate (see Figure 22). The last step in the process (automate) 

is the most powerful, since it enables non-data mining experts to participate in the 

process of analyzing the data. 
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Figure 22. Five A’s methodology phases (Mariscal et al., 2010). 

 

Six-Sigma Paradigm. Developed in the mid-1960s by Motorola, this paradigm 

focuses on how to improve quality, enhance customer satisfaction and, at the same time, 

reduce costs (Harry & Schroeder, 1999; Mariscal et al., 2010; Pyzdek, 2003). The Six-

Sigma method has been applied to data mining project software packages (StatSoft, 

2005). This process model is based on DMAIC (define, measure, analyze, improve, and 

control). 
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Figure 23. Six-Sigma Paradigm (Mariscal et al., 2010). 

 

KDD Roadmap. Finally, KDD Roadmap uses an iterative methodology and has 

eight different steps involved in its process model. To review, these steps include: 1) 

Problem specification, 2) Resourcing, 3) Data cleaning, 4) Preprocessing, 5) Data mining, 

6) Evaluation, 7) Interpretation, and 8) Exploitation. The resourcing task (Step 2) in this 

process stands out the most as a solid step in the KDD process. 
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Although the literature identifies many other process models, these fourteen 

represent most of the options and present a wide range of features, especially involving 

the core CRISP-DM process model. Process models can be modified in many ways, 

depending on the problem set, the approach to the problem, and the industry, among 

other factors. What is most interesting is the consistency of the CRISP-DM process 

models over a decade’s time. In the next section, I review several research studies that 

involve both the topics of student retention and data mining. 

Student Retention Prediction Models Using Data Mining Techniques 

Nearly 10 years of research involving student retention prediction models that use 

data mining have produced twelve major studies that will be discussed in this section. 

Druzdzel and Glymour (1994) conducted the first study to predict student retention. They 

used linear regression analysis on publicly available student retention data from U.S. 

News and World Report. They concluded that class standings are causally related to 

student retention and that average state test scores predict graduation rates and student 

retention. The data extracted from the PeopleSoft ERP does not provide these variables, 

but does contain high school rank for the students, so this may be a point of interest when 

the data are run against various data mining algorithms. 

Sanjeev and Zytkow (1995) use the 49er algorithm (a machine discovery system 

that analyzes large databases to find regularities hidden in the data) to discover that 

students enrolled in a greater number of terms and credit hours are more likely to persist 

than those enrolled in fewer terms and credit hours. High term enrollment, along with 

high credit hour counts, are also variables of interest in the analysis of the College of 

Education data set. 
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In a more recent study, Stewart and Levin (2001) used SPSS’s Clementine 

software to produce interesting discoveries using the KDP. One of their pattern analysis 

discoveries showed that an adjunct professor was giving ‘A’ grades to students who 

simply attended to the end of the course. This data mining analysis “[h]ad tremendous 

implications for college-wide advising and retention, but was unnoticed until now 

because there was no easy way for faculty to sort students out based on how many hours 

they had completed” (Stewart & Levin, 2001, p. 11). These are the kinds of discoveries 

that can be obtained via the KDP that are likely to have significant effects within colleges 

and departments. 

In the conclusion of his study, Herzog (2005) found that undergraduate students 

were at greatest risk for dropping out in their first year of enrollment. The three factors 

that were most predictive of departure from school included: 1) attendance at multiple 

institutions, 2) lack of financial aid, and 3) a low level of academic preparation. He also 

found that academically well-prepared students were less likely than unprepared students 

to respond positively to the incentive of financial aid. Financial aid seemed to be most 

effective for middle-income students who experienced large debts (Herzog, 2005). 

Methodologically, Herzog only used statistical analysis including multinomial logistic 

regression, chi-square, and collinearity diagnostics. Additionally, to detect outliers in 

regards to the predictor variable value, discrepancy between the predicted and observed 

outcome (enrollment status), and any influences on either individual predictor coefficient 

or the overall model, Herezog employed the following diagnostic statistics: centered 

leverage value, Cook’s D, DFBetas, Mahalanobis distance, and studentized residual 

(Herzog, 2005). 
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Sujitparapitaya (2006) useed SPSS Clementine and cites Adelman's (2004) 

discovery that 20% of undergraduate students earn their bachelor’s degree from a 4-year 

institution that is different from the one in which they were originally enrolled. An 

important component in this conclusion came from a database maintained by the National 

Student Clearinghouse (NSC) that tracked over 90% of institutions of higher learning in 

the United States. Using these data, coupled with quantitative data mining tools, allowed 

student retention researchers such as Sujitparapitaya (2006) to accurately predict both the 

stop-out and transfer-out behaviors of students. He found that there are primarily three (3) 

types of registration behaviors that can be observed after undergraduate students' first 

year in college: 

• Retained: re-enrollment at the original institution 

• Transferred out: transfer to another 2- or 4-year institution 

• Stopped out: discontinuing their education 

 
Sujitparapitaya (2006) used SPSS and interpreted the data streams displayed by 

the Clementine predictive analytics modeler (aka "IBM SPSS Modeler") within the 

application to arrive at these findings. The methods and data mining algorithm he used 

were Multinomial Logistic Regression, Neural Network, and C5.0 Rule Induction in his 

study. He found that C5.0 Rule Induction classification data-mining technique provided 

the highest overall predictive accuracy in predicting the probability ratios for two 

separate sets of student outcomes: stopping out and transferring out. C5.0 is a rule-based 

algorithm that produced a set of "rules" (i.e. conditions) and decision tree graphics. Much 

like the Sujitparapitaya (2006) study, classifying student persistence behavior was also 

the main objective of Superby et al. (2006). This study classified students who will 

probably graduate, those who may graduate if they are given assistance, and those at-risk 
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of dropping out into three groups: 1) low-risk students = high probability of succeeding, 

2) medium-risk students = may succeed based on measures taken by the university, 3) 

high-risk students = high probability of failing/dropping out. An obvious benefit of using 

simple classification categories to denote student risk such as “low, medium, and high” is 

that they are easy to understand and interpret. The study’s classifications were based on 

generating the following models: 

• Decision trees 

• Random forests 

• Neural networks 

• Discriminant analysis 

Superby et al. (2006) mentioned that their most successful model relied on 

discriminant analysis, but, "With respect to the results obtained by the methods of 

prediction, we conclude that the rates of prediction obtained in validation are not 

remarkable." (p. 43) So, they proposed to increase their sample size from each university 

and incorporate data from more than one academic year. In the review of the literature, 

encouraging the use of multi-year student data has been consistent across multiple studies 

(Campbell, 2008; Nandeshwar, 2010; Pittman, 2008). Finally, Herzog (2006) warned 

“[p]redicting freshmen retention based on inferential statistics with little collinearity 

among variables may not be the best use of decision tree or neural net methods” (p. 26). 

He also found that two approaches that may expand the analyst’s understanding of what 

variables contribute to prediction accuracy when working with large data sets include 

decision trees and neural networks. 

Berry and Linoff (1997) supported Herzog’s claim involving neural networks 
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since neural network models were usually relied upon if the relationships between 

influential variable(s) and the outcome variable(s) were difficult to determine. Herzog 

(2006) noted the advantage of accurately targeting hundreds of additional students each 

year with appropriate counseling and academic support in that it allowed intervention 

programs to confidently move ahead since resources were being allocated to the right 

students. Finally, he said “[i]mprovement in the degree completion time by better 

identification of at-risk students translates not only to higher graduation rates but also to 

substantial cost savings for students” (p. 27). 

Campbell’s (2008) dissertation study provided the most comprehensive insights 

on the best performing algorithms, methodology, and variables for starting one’s own 

data mining study using campus data. He also provided excellent field notes with a 

wealth of scripts and programs written using Perl, along with a PPT presentation as a 

download. One should pay close attention to his findings and methods if one wishes to 

thoroughly understand data mining as it pertains to student retention. 

Pittman’s (2008) dissertation was another study providing good insight as to 

which algorithms were top performers. Pittman’s (2008) research of notable algorithms 

included learning that logistic regression outperformed neural network, decision tree, and 

Naïve Bayes based on receiver operating characteristic (ROC) area. Pittman pointed out 

that logistic regression was a rather standard approach when conducting multivariate 

analysis for student retention. She found that neural network and decision tree findings 

offered a slight edge over logistic regression for classification accuracy. Naïve Bayes had 

the lowest classification accuracy, but all three algorithms had higher true positive (TP) 

rates and Kappas (Campbell, 2008, p. 137). Statistics using Naïve Bayes showed the 
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highest values in both the TP rates and Kappa statistics. Finally, Nandeshwar (2010) 

claimed his study was the first one that predicted third-year retention in students. The 

simplicity and clarity of his Data and Experiment (i.e., Methodology) chapter thoroughly 

explained the data mining process, on which the next chapter expands. 

Conceptual/Operational Definitions 

The data mining step of the KDP use algorithms that have been either written by 

or created under the guidance of subject matter experts (SME's) involving a specific 

domain. These algorithms can perform extensive comparisons and analyses on large 

amounts of data that manual processes cannot handle. These algorithms are non-human 

forms of artificial intelligence (AI) whose predictive capabilities "awaken" when exposed 

to many examples of what needs to be learned. An example of this might be to feed an 

algorithm a dictionary of words and then "asking" it if the words "connection" or 

"connectable" are derivatives of the word "connect". This AI in data science terminology 

is commonly referred to as "machine learning". Machine learning defined in its most 

fundamental form involves being able to predict the future based on the past (Daumé, 

2014). To accomplish this, we must understand what it means to learn and how to judge 

whether what has been learned is correct or incorrect. Daumé (2014) stated, 

“[g]eneralization is perhaps the most central concept in machine learning" (p. 9). 

An example of such a generalization can be shown by way of knowledge that a 

student (Suzy) has learned about fish in her science class. Generalization of this 

knowledge refers to the ability to transfer what she has learned about fish in science class. 

For example, let's imagine that she learns that a fish typically has a tail, two fins on either 

side of its body, one fin on the top, and gills to help it breathe. She then sees a picture of a 
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blue fish (an example with certain attributes). Next she sees a picture of a green fish. 

Except their color, both examples possess all the same attributes. The teacher asks Suzy, 

“Are the blue and green animals both fish?” Based on her knowledge of the attributes of 

fish, Suzy answers correctly that “Yes, they are both pictures of fish" For simplicity, we 

will not consider Suzy's confidence in her answer. All we illustrate here is what it means 

to learn and to generalize. However, if Suzy sees a picture of a blue and a green fish and 

then sees a picture of a dog, her learning will not generalize, because the dog is not 

representative of what Suzy learned in class. In summary, Suzy was shown one picture of 

a fish and could provide her science teacher with a prediction about a picture of another 

fish. The induction framework is illustrated in Figure 24. 

 

Figure 24. Induction framework. 

Daumé (2014) noted that there are “a large number of typical inductive learning 

problems. The primary difference between them is in what type of thing they're trying to 

predict" (p. 9). This study focused on a binary classification problem. A binary 

classification problem in machine learning involves trying to predict a simple yes/no (i.e., 
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binary/dichotomous/bipolar) response (e.g., predicting whether Suzy likes ice cream, or 

whether John will assign a positive or negative product review to the latest widget on the 

market). 

Summary 

This literature review covered four domains integral to this study: (a) student 

retention, (b) the knowledge discovery process (KDP), (c) data mining as it specifically 

relates to student retention, and (d) conceptual/operational definitions of machine 

learning. Although by no means comprehensive, this coverage touches on the main 

topics, studies, and landmark findings within these concepts. The following chapter 

presents the methodology for this study. 
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Chapter 3 

Methodology 

At the University of Houston College of Education, if an undergraduate is 

interested in teaching children from early childhood through the eighth grade or Special 

Education at all levels, the Bachelor of Science degree in Teaching & Learning provides 

them with training, and the Department of Curriculum and Instruction offers the 

corresponding degree program. This major incorporates teacher certification preparation 

into its curriculum through the University’s Teacher Education Program. One of the 

hardest things to do, however, is not just retaining students in an academic program, but 

to help them persist through all the requirements to graduate. Swail (2006) believes there 

are seven questions to consider when formulating a student retention strategy or program 

in higher education: 

• Do you understand the nature of the problem? 

• Do you know why your students leave? 

• Do you know what your institution is already doing to improve these issues? 

• Do you know how effective these programs or strategies are? 

• Do you know what programs and strategies may be worth considering? 

• Do you have evidence that there exists significant support on campus to do 

something about this issue? 

• Do you understand the institutional change process? 

All these questions are important, but how does one arrive at finding all the 

answers? To understand the nature of the problem is to know your population, and 
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performing knowledge discovery on the database of a college’s student data is a good 

starting point. This chapter outlines the methodology for this study. The essence of this 

approach centers on data mining. 

Research Questions 

The research questions guiding this study were as follows: 

(1) Based on the data, how well are data mining algorithms able to predict 

whether a student will graduate? 

(2) Which student-level attributes/variables pertain to students who graduate (i.e., 

persist) or do not graduate? 

Research Design 

This research focused on students with all degree plans within the Teaching & 

Learning Program in the College of Education except the General Education Minor 

without Certification. The reason for this exclusion was to build upon this study for 

future research that can focus on students who graduated from the Teaching & Learning 

Program at the University who plan on becoming certified teachers. This progression, 

coupled with post-graduation data from other external sources, could set the stage for 

future longitudinal research into success stories for the Teaching & Learning Program. 

The student data contained within the archival data set for this study were 

students in the Teaching & Learning Program in the College of Education at the 

University of Houston Main Campus. The sample size was 595 students for both the first 

time in college (FTIC) and transfer student cohort groupings. All participants were 

admitted to the program in either the year 2000, 2003, 2006, or 2009 and were part of a 

three (3) or six (6) year cohort. The ages of the participants ranged from 16 to 53 years 
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(M = 32.97). There were 522 (87.73%) females, 72 (12.1%) males, and 1 (0.002%) 

undefined. Tables 4a and 4b identify all of students included in the data set for the study. 

Further summaries of the participants after the data was analyzed is discussed in Chapter 

4. 

Attributes 

Appendix B includes the 198 attributes considered for analysis in this study. To 

eliminate excess variables/attributes, part of the knowledge discovery process requires 

that the data go through a feature subset selection process (Nandeshwar, 2010). This is 

necessary because variables that do not add any value to the study must not be present 

and allowed to detract from the goals and effectiveness of the overall analysis. 

Nandeshwar (2010) recommends that analysts build their theories using the top attributes 

ranked in order. Based on the Nandeshwar (2010) study, the variables that were retained 

had to do with either performance or the financial status of the subject (or their family). 

Wanbach, et al. (2013) present a rather comprehensive list that was also rather helpful in 

narrowing down the number of features to run the analysis on. Below is a table of the 

variables they used: 
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Table 4 
Categories & Predictors 

	
Academic	Background	
1	 Composite	ACT	Score	
2	 First	Generation	
3	 First	Choice	College	
4	 AP	Credits	
5	 Remedial	Course	
First-term	Performance	
1	 Course	Completion	Ratio	
2	 C	Count	
3	 D	Count	
4	 W	Count	
Demographic	Characteristics	
1	 Female	
2	 Asian	
3	 Underrep.	Minority	
4	 Student	Athlete	
Geographic	Origin	
1	 Out-of-State	
2	 Reciprocity	State	
Social	Integration	
1	 On-campus	Housing	
2	 Learning	Communities	
3	 Work	Study	
4	 Campus	Employment	
Financial	Aid	
1	 Unmet	Need	
2	 Merit	Only	(Admissions	aid)	
3	 Loan	Only	

 

Some of the categories and predictors in this table were not part of the IRB approval 

process and subsequently required approval of the campus Chief Security Officer (CSO); 

these categories were not extracted from the PeopleSoft ERP. Some of these predictors 

include AP Credits, First Generation, First Choice College. A subsequent request for 
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housing and financial aid data was approved, but the availability of proper staff to 

perform the extract was limited. Other predictors that are a part of this list were extracted 

from the campus data warehouse, but were not part of the analysis due to the complexity 

of the programming remediation required to match these attributes with a single student. 

These variables include C, D, W Count. Course Completion Ratio could also be 

extrapolated from the existing data however this calculation was outside of the scope of 

the research questions to be answered by this study. The feature selection process for the 

variables used in this study is discussed in more detail in the next section. 

Missing Data. One of the main issues in arriving at the data set to use for the 

results portion of this study involve the greatly debated issue of missing data and how to 

handle this aspect of the knowledge discovery process in research settings. The three 

main types of missing data are 1) Missing Completely at Random (MCAR), 2) Missing at 

Random (MAR), and 3) Missing not at Random (NMAR). Each of these types of missing 

data have their own definitions and challenges when attempting to handle them when pre-

processing data for the data analysis stage. Thomas (2013) outlines each missing data 

scenario as follows: 

1) Missing completely at random (MCAR): data are missing independently of 

both observed and unobserved data. 

Example: a participant flips a coin to decide whether to complete the 

depression survey. 

2) Missing at random (MAR): given the observed data, data are missing 

independently of unobserved data. 

Example: male participants are more likely to refuse to fill out the 
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depression survey, but it does not depend on the level of their depression. 

3) Missing Not at Random (MNAR): missing observations related to values of 

unobserved data. 

Example: participants with severe depression, or side-effects from the 

medication, were more likely to be missing at end. 

Most missing data extracted from the PeopleSoft ERP fall under the MCAR 

category. It was observed that there were large deltas between the FTIC and TRAN data 

involving high school rank, high school GPA, SAT and ACT standardized test scores, 

along with transfer hours taken and transfer hours earned. Due to the large differences in 

availability between the SAT and ACT scores for FTIC and TRAN student data, analysis 

involving the entire population (N=595) was not performed. Based on Campbell's (2007) 

references to missing SAT score attribute in his data set, 816/7,234 (11.2%) missing 

values, performing analysis using both the FTIC and TRAN SAT data together would 

have an impact on the accuracy of results because "higher percentage of missing values 

generate a larger variation in the imputations" (Campbell, 2007). The lowest percentage 

of FTIC SAT missing data was 19.19% for the SAT comprehensive (UHIR_SAT_COMP 

attribute. Based on Nandeshwar (2010), since student performance (i.e. scores) are 

associated with student success, and possibly college graduation, an analysis using the 

comprehensive SAT variable (UHIR_SAT_COMP) was still performed to see what the 

outcome for prediction on the small FTIC population (n=99) would yield. The missing 

values were imputed into the data set using the XLSTAT plug-in to Microsoft Excel 

employing the Markov Chain Monte Carlo (MCMC) method for missing data. Results 

with and without the SAT scores as variables used to predict graduation are discussed in 

Chapter 4. 

An additional variable that had a higher missing data score was the student's 

permanent zip code (UHIR_PERM_POSTAL). Additionally, 401 students out of 595 
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(67.40%) had permanent zip codes which, more specifically translates to 194 missing 

data points (32.61%) of the total student population used in the study. However, since zip 

code data led to further important demographic information about the student and the 

student's family, the decision was made to use it for this very purpose. A zip code 

demographic data set was generated from queries made to the zipinfo.com website. 

Median zip code value was used as the missing data imputation method for this attribute. 

The essence of this approach centers on data mining. 

Initially, attributes without any data in their respective column were discarded. 

since retaining them did not improve the performance of the predictive methods being 

used for the rest of the study. The remaining attributes were analyzed for the percentage 

of data present in them. See Appendix C for tables of the final selected attributes along 

with their corresponding “number present” and “percentage missing” values for the entire 

population (N=595), FTIC subset (n=99), and the TRAN (n=496) subset. focused on the 

education and growth of future generations. 
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Table 5a 
FTIC and transfer cohorts by year - Part 1 
 
 FTIC Cohort 1 Transfer Cohort(s) 1 & 2 
 
Term/Yr Term (DB) Year # Term/Yr Term (DB) Year # 
Fa 2000 1520 1  Fa 2000 1520 1 
Sp 2001 1530 1  Sp 2001 1530 1 
Su 2001 1540 1  Su 2001 1540 1 
Fa 2001 1550 2 Fa 2001 1550 2 
Sp 2002 1560 2  Sp 2002 1560 2 
Su 2002 1570 2  Su 2002 1570 2 
Fa 2002 1580 3 Fa 2002 1580 3 
Sp 2003 1590 3  Sp 2003 1590 3 
Su 2003 1600 3  Su 2003 1600 3 
Fa 2003 1610 4 Fa 2003 1610 1 
Sp 2004 1620 4  Sp 2004 1620 1 
Su 2004 1630 4  Su 2004 1630 1 
Fa 2004 1640 5 Fa 2004 1640 2 
Sp 2005 1650 5  Sp 2005 1650 2 
Su 2005 1660 5  Su 2005 1660 2 
Fa 2005 1670 6 Fa 2005 1670 3 
Sp 2006 1680 6  Sp 2006 1680 3 
Su 2006 1690 6  Su 2006 1690 3 
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Table 5b 
FTIC and transfer cohorts by year - Part 2 
 
 FTIC Cohort 2 Transfer Cohort(s) 3 & 4 
 
Term/Yr Term (DB) Year # Term/Yr Term (DB) Year # 
Fa 2006 1700 1  Fa 2006 1700 1 
Sp 2007 1710 1  Sp 2007 1710 1 
Su 2007 1720 1  Su 2007 1720 1 
Fa 2007 1730 2 Fa 2007 1730 2 
Sp 2008 1740 2  Sp 2008 1740 2 
Su 2008 1750 2  Su 2008 1750 2 
Fa 2008 1760 3 Fa 2008 1760 3 
Sp 2009 1770 3  Sp 2009 1770 3 
Su 2009 1780 3  Su 2009 1780 3 
Fa 2009 1790 4 Fa 2009 1790 1 
Sp 2010 1800 4  Sp 2010 1800 1 
Su 2010 1810 4  Su 2010 1810 1 
Fa 2010 1820 5 Fa 2010 1820 2 
Sp 2011 1830 5  Sp 2011 1830 2 
Su 2011 1840 5  Su 2011 1840 2 
Fa 2011 1850 6 Fa 2011 1850 3 
Sp 2012 1860 6  Sp 2012 1860 3 
Su 2012 1870 6  Su 2012 1870 3 
 

Data collection and analysis procedures. The data set that was used in the study 

consisted of de-identified archival data mined from the PeopleSoft ERP at the University 

of Houston Main Campus. However, before data analysis could begin, it was important to 

note that this study contributed heavily to exploring the process of data acquisition and 

data preparation specific to the University of Houston main campus. Certainly, these 

lessons learned can generalize to and be used on other campuses. The understanding of 

rules in place for a campus on whom must agree to and sign off on a data query / 

extraction from the campus data warehouse is of utmost importance. For this campus, this 

was just as important as securing institutional review board (IRB) approval for one’s 

research project. Knowing the structure of a campus data warehouse through data 
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dictionaries and/or an entity relationship diagram (ERD) is critical. Once the database 

tables and general structure are understood, knowing an analyst with access to the data 

warehouse with a good working knowledge of one or more database query language(s) is 

also critical. If, for a research project, the researcher can bring pseudocode or actual 

written queries to the analyst for them to try out or help refine, this is also ideal. Another 

lesson is to make sure that the data extraction maintains a one to one relationship for each 

case (i.e. student). It is important to have all student data on one line for further data 

analysis since most data analysis programs require the data to be formatted in this way. If 

there is a one to many relationship for the extracted data (i.e. one student to many 

classes), maintaining a single line of data per student may prove to be a challenge. This is 

where a complete understanding of one’s research questions and then knowing what type 

of data schema is required to structure the data properly to be able to answer those 

questions will be crucial. If these concepts are beyond the researcher, knowing a few 

good computer scientists may be necessary to bridge the knowledge gap between one’s 

research questions and how to build a data set that can be analyzed by data mining tools. 

In addition to using guidance from other research studies that have performed 

similar analysis on student data (Campbell (2008), Nandeshwar (2010), Pittman (2008)), 

traditional statistical analysis procedures were employed. Some methods included basic 

descriptive statistics such as sum, mean, median, and standard deviation on the 

descriptive variables mentioned in the Variables section above. Tests for multicollinearity 

between the performance-based variables were also performed. This helped in further 

variable reduction such as using only the SAT Composite score as opposed to running 

additional (unnecessary) analysis on the SAT Math and SAT Verbal scores. Once test for 
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multicollinearity were concluded, naturally principal components analysis (PCA) was 

used pinpoint which factors to use when performing predictive analytics. The data set 

was thoroughly explored using various algorithms, which included decision tree 

(Random Forest), and support vector machine (SVM). I used the Weka software package 

for testing the data, which employed the algorithms mentioned previously. Finally, 

corroboration of previous study’s findings was done through scatterplot analysis of the 

data set used in this study. 

Summary 

As outlined above, the research questions for this study focused on students in the 

Teaching & Learning Program in the College of Education at the University of Houston 

Main Campus. These questions were answered through the KDP. This process involved 

cleaning the data set (preprocessing), identifying the most valuable variables (feature set 

selection), and finally testing the data against data mining algorithms (models) to produce 

insights. This data mining process is what enabled the prediction of undergraduate FTIC 

and transfer graduates and non-graduates. In the next chapter, how the algorithms 

performed and which attributes were of interest are discussed. 
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Chapter 4 

Results 

This chapter reports on the findings for a study based on the knowledge discovery 

process (KDP) to build and evaluate three student graduation prediction models out of 

institutional data. The models included a decision tree model and a support vector 

machine (SVM) model. Results from each model are presented in this chapter, along with 

findings related to the two research questions for this study. The research questions 

answered were as follows: 

(1) Based on the data, how well are data mining algorithms able to predict 

whether a student will graduate? 

(2) Which student-level attributes/variables pertain to students who graduate (i.e., 

persist) or do not graduate? 

Question One deals with a supervised learning problem (i.e., prediction). This 

question involves data mining techniques discussed in Chapter 2 of this study. Question 

Two was an exploratory learning problem that looked at the extracted attributes and drew 

connections to other similar research studies by way of scatterplot data visualizations. 

Please note that the study data are grouped into First Time in College (FTIC) and 

Transfer (TRAN) student data sets. The FTIC data have fewer students (N=99) and 

covers six years; the TRAN data have more students (N=496), but encompass only three 

years. The focus for this chapter’s findings and results are on models built using each of 

these data sets. Additionally, findings identifying the main attributes associated with 

those who graduate and do not graduate are discussed. Demographic characteristics of the 
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participants in this study are presented below: 

 

Table 6 
Ethnicity Breakdown 
		 		 		
Ethnicity	Breakdown	 		 		
(ETHNIC_GRP_CD)	 		 		
AMIND	 3	 		
ASIAN	 33	 		
BLACK	 83	 		
HISPA	 191	 		
NHISP	 1	 		
NSPEC	 2	 		
PACIF	 1	 		
WHITE	 281	 		
TOTAL	 595	 		
		 		 		

Table 7 
Graduates by Race 
		 		 		 		 		

GRADUATES	BY	RACE	 		

RACE	 #	
%	within	
race	 %	of	pop.	(595)	 		

BLACK	 20	 24	 3.36	 		
HISPA	 60	 31.4	 10	 		
WHITE	 113	 40.2	 18.99	 		
ASIAN	 13	 39	 2.18	 		
NSPEC	 0	 0	 0	 		
AMIND	 1	 33	 0.16	 		
PACIF	 0	 0	 0	 		
NHISP	 0	 0	 0	 		

		 207	 --	 --	 		
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FTIC and TRAN student cohort descriptive statistics are outlined in the following 

two (2) tables. 

Figure 25. FTIC Descriptive Statistics 
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Figure 26. TRAN Descriptive Statistics 
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The figure below uses park lines (win-loss), and shows FTIC and TRAN students 

(domestic and international) who have either graduated or not graduated if they missed 

their first and/or second semesters of their academic career. Only six of 207 students who 

went on to graduate missed their first and/or second semesters of college, whereas thirty-

three of 388 students who did not graduate missed their first and/or second semesters of 

college. 

Figure 27. Multivariate Illustration of Graduates & Non-Graduates 
       (Based on Missing 1st and/or 2nd Semester) 
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To arrive at the insights (Patterns à Knowledge) sought, as mentioned in the 

feature selection process in Chapter 3, the first step was to narrow down the attributes to 

analyze through principle components analysis (PCA), which will be discussed in the 

next section. 

Principal Components Analysis (PCA). Principle components analysis (PCA) 

for the FTIC and TRAN data sets yielded the following insights as to which attributes to 

use in the data mining process. The PCA for the FTIC data showed that the Correlation 

Circles produced by XLSTAT (below) suggested that Cumulative GPA for the students 

in their 1st, 2nd, and Last semesters, along with their SAT Comprehensive Scores, would 

be the best features to use to build predictive models with the Decision Tree and SVM 

algorithms. Details about the PCA for the FTIC and TRAN data can be found in 

Appendix D. 

Figure 28a. PCA Correlation Circles 
         First Time in College (FTIC) – 1st Semester 
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Figure 28b. PCA Correlation Circles 
         First Time in College (FTIC) – 2nd Semester 

 

Figure 28c. PCA Correlation Circles 
         First Time in College (FTIC) – Last Semester 
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For the TRAN student cohorts, the 1st and 2nd semester PCA Correlation Circles 

pointed to student Age and Transfer Hours Earned. 

Figure 29a. PCA Correlation Circles 
         Transfer (TRAN) – 1st Semester 

 

 

Figure 29b. PCA Correlation Circles 
         Transfer (TRAN) – 2nd Semester 
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Figure 29c. PCA Correlation Circles 
         Transfer (TRAN) – Last Semester 

 

Decision Tree / Random Forest. Figure 30 contains output for a Random Forest 

Decision Tree classifier run in the Waikato Environment for Knowledge Analysis 

(WEKA) version 3.8.0 using 10-fold cross-validation. The data set used to produce the 

results in Figure 30 was the 1st Semester data for First Time in College (FTIC) students in 

the College of Education. There are several pieces of information about the output that 

are discussed throughout the rest of Chapter 4. The reader may want to take note that the 

definitions and concepts about to be discussed are applicable to both the decision tree and 

support vector machine models. This will be useful when interpreting the other figures. 
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Figure 30. Decision Tree Results 
      weka.classifiers.trees.RandomForest 

 
=== Run information === 
 
Scheme:          weka.classifiers.trees.RandomForest -P 100 -I 100 -num-slots 
1 -K 0 -M 1.0 -V 0.001 -S 1 
Relation:        students 
Instances:       99 
Attributes:      5 
                 Median.Income 
                 UHIR_HS_CLASS_RANK 
                 UHIR_SAT_COMP 
                 CUM_GPA_STRM_1ST 
                 gradBinCat 
Test mode:       10-fold cross-validation 
... 
=== Stratified cross-validation === 
=== Summary === 
 
Correctly Classified Instances          65               65.6566 % 
Incorrectly Classified Instances        34               34.3434 % 
Kappa statistic                          0.3057 
Mean absolute error                      0.3905 
Root mean squared error                  0.4679 
Relative absolute error                 79.8366 % 
Root relative squared error             94.6088 % 
Total Number of Instances               99 
 
=== Detailed Accuracy By Class === 
 
                 TP Rate  FP Rate  Precision  Recall   F-Measure  MCC 
                 0.667    0.357    0.717      0.667    0.691      0.307 
                 0.643    0.333    0.587      0.643    0.614      0.307 
Weighted Avg.    0.657    0.347    0.662      0.657    0.658      0.307 
 
                 ROC Area  PRC Area  Class 
                 0.710     0.783     Did-not-graduate 
                 0.710     0.567     Graduated 
                 0.710     0.691 
 
=== Confusion Matrix === 
 
  a   b   <-- classified as 
 38  19 |  a = Did-not-graduate 
 15  27 |  b = Graduated 
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Stackoverflow (2010) refers to the percentage of correctly classified instances as 

“accuracy” or “sample accuracy”. Relying on these percentages for a performance 

estimate might have some disadvantages. To account for this, the “ROC Area” (i.e. Area 

Under the Curve (AUC)), is a good value to consider instead. Stackoverflow (2014) 

further describes the optimal ROC Area with “values approaching 1, with 0.5 being 

comparable to ‘random guessing’ (similar to a Kappa statistic of 0).” The “Kappa 

statistic” refers to a chance-corrected measure of congruence of the classifications 

performed by the algorithm and their true (positive) classifications. A Kappa statistic 

value that is greater than 0 means that the classifier being employed is doing better than 

chance. Stackoverflow (2010) also mentions that “The error rates are used for numeric 

prediction rather than classification. In numeric prediction, predictions aren't just right or 

wrong, the error has a magnitude, and [the] measures reflect that.” The last section of the 

results entitled “Confusion Matrix” give the percentage of test instances that were 

correctly and incorrectly classified (under Column “a” and Column “b”) and match the 

percent of “Correctly Classified Instances” and “Incorrectly Classified Instances” at the 

top of the “Summary” section. Columns “a” and “b” represent the class labels. For the 

results shown here there were 99 instances, so the numbers add up like this: 

aa + bb = 38 + 27 = 65 

ab + ba = 15 + 19 = 34 

Some other items defined by Stackoverflow (2014) in the algorithm results are as 

follows: 

1) TP Rate: rate of true positives (instances correctly classified as a given class)�
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2) FP Rate: rate of false positives (instances falsely classified as a given class)�

3) Precision: proportion of instances that are truly of a class divided by the total 

instances classified as that class�

4) Recall: proportion of instances classified as a given class divided by the actual 

total in that class (equivalent to TP rate) 

5) F-Measure: A combined measure for precision and recall calculated as 2 * 

Precision * Recall / (Precision + Recall) 

When interpreting results, Stackoverflow (2014) stresses to consider the “balance” of 

one’s data set. If a data set is unbalanced, more instances of a specific class will be 

present, which may cause the classifier to appear to be exhibiting better performance that 

it is capable of. Figure 31 and Figure 32 show summary and accuracy information for the 

decision tree and SVM models for 1st, 2nd, and last semester FTIC and TRAN student 

data sets. 

 Correctly classified results for the decision tree algorithm for the FTIC 1st, 2nd, 

and last semesters are modest at 65.65%, 61.61%, and 71.71%. Conversely, correctly 

classified results for the decision tree algorithm for the TRAN 1st, 2nd, and last semesters 

exhibit much better performance at 90.72%, 91.33%, and 91.53% respectively. ROC 

Area (aka Area Under the Curve (AUC)) for the TRAN results range from as low as .16 

to as high as .30 greater than the FTIC results. The main difference between the 

performance of decision tree results for FTIC and TRAN student cohorts can most likely 

be attributed to the lower N (99) of the FTIC sample to the higher N (496) of the TRAN 

sample.   
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Figure 31. Decision Tree Results Summary 
      FTIC 1st, 2nd, Last Semesters 

 

Figure 32. Decision Tree Results Summary 
      TRAN 1st, 2nd, Last Semesters 
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Figure 33. Decision Tree Results – Detailed Accuracy By Class 
      FTIC 1st, 2nd, Last Semesters 

 

Figure 34. Decision Tree Results – Detailed Accuracy By Class 
      TRAN 1st, 2nd, Last Semesters 
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Figure 35. Decision Tree Results – Confusion Matrices 
      FTIC 1st, 2nd, Last Semesters 

 

Figure 36. Decision Tree Results – Confusion Matrices 
      TRAN 1st, 2nd, Last Semesters 
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Figure 37. Decision Tree Results – ROC Area 
      FTIC 1st, 2nd, Last Semesters 

 

Decision Tree – FTIC 
 

Graduated Did Not Graduate 
  

  
1st Semester – AUC = 0.7099 1st Semester – AUC = 0.7099 

  

  
2nd Semester – AUC = 0.6556 2nd Semester – AUC = 0.6556 

  

  
Last Semester – AUC = 0.8089 Last Semester – AUC = 0.8089 
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Figure 38. Decision Tree Results – ROC Area 
      TRAN 1st, 2nd, Last Semesters 

 

Decision Tree – TRAN 
 

Graduated Did Not Graduate 
  

  
1st Semester – AUC = 0.95 1st Semester – AUC = 0.95 

  

  
2nd Semester – AUC = 0.9542 2nd Semester – AUC = 0.9542 

  

  
Last Semester – AUC = 0.963 Last Semester – AUC = 0.963 
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 In the next section, the same results will be shown for the FTIC and TRAN 

Support Vector Machine (SVM) models (Results Summary, Detailed Accuracy By Class, 

Confusion Matrices, and ROC Area). Following that section a model evaluation 

comparison of decision tree and SVM is shown and discussed. 

Support Vector Machine (SVM). Just like the decision tree model for this study, 

WEKA version 3.8.0 using 10-fold cross-validation was used on all six (6) data sets 

(FTIC 1st, 2nd, and Last semesters & TRAN 1st, 2nd, and Last semesters) of the SVM 

model.  Correctly classified results for the SVM algorithm for the FTIC 1st, 2nd, and last 

semesters are modest at 70.70%, 69.69%, and 70.70%. Correctly classified results for the 

SVM algorithm for the TRAN 1st, 2nd, and last semesters were 73.38%, 72.98%, and 

77.41%. The TRAN data set correctly classified results exhibited slightly better 

performance over the FTIC results by 2.68%, 3.29%, and 6.71% respectively. ROC Area 

(aka Area Under the Curve (AUC)) differences between the FTIC and TRAN results 

range from just 0.0193 to 0.0347. For SVM there was slightly better performance in the 

correctly classified results between the FTIC and TRAN student cohorts. However, as 

mentioned, in the next section (after the results figures), model evaluation between the 

decision tree and SVM models was conducted for verification.   
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Figure 39. Support Vector Machine Results – Summary 
      FTIC 1st, 2nd, Last Semesters 

 

Figure 40. Support Vector Machine Results – Summary 
      TRAN 1st, 2nd, Last Semesters 
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Figure 41. Support Vector Machine Results – Detailed Accuracy By Class 
      FTIC 1st, 2nd, Last Semesters 

 

Figure 42. Support Vector Machine Results – Detailed Accuracy By Class 
      TRAN 1st, 2nd, Last Semesters 
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Figure 43. Support Vector Machine Results – Confusion Matrices 
      FTIC 1st, 2nd, Last Semesters 

 

Figure 44. Support Vector Machine Results – Confusion Matrices 
      TRAN 1st, 2nd, Last Semesters 
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Figure 45. Support Vector Machine (SVM) Results – ROC Area 
      FTIC 1st, 2nd, Last Semesters 

 

Support Vector Machine (SVM) – FTIC 
 

Graduated Did Not Graduate 
  

  
1st Semester – AUC = 0.6892 1st Semester – AUC = 0.6892 

  

  
2nd Semester – AUC = 0.6773 2nd Semester – AUC = 0.6773 

  

  
Last Semester – AUC = 0.6924 Last Semester – AUC = 0.6924 

  
  



81 

 

 

 

Figure 46. Support Vector Machine (SVM) Results – ROC Area 
      TRAN 1st, 2nd, Last Semesters 

 

Support Vector Machine (SVM) – TRAN 
 

Graduated Did Not Graduate 
  

  
1st Semester – AUC = 0.6699 1st Semester – AUC = 0.6699 

  

  
2nd Semester – AUC = 0.6426 2nd Semester – AUC = 0.6426 

  

  
Last Semester – AUC = 0.7214 Last Semester – AUC = 0.7214 
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Model Evaluation. The model evaluation between decision tree and SVM was 

conducted in Weka 3.8.0’s KnowledgeFlow Environment. Shams (2013) published a 

useful tutorial on how to perform model evaluation for multiple ROC curves using 

Weka’s KnowledgeFlow Environment on his YouTube site. See Figure 47 below for an 

idea of the model evaluation workflow. 

Figure 47. Weka KnowledgeFlow 
      Model Evaluation Workflow Diagram 

 

 
 

Upon inspection of Figure the six evaluation graphs for the decision tree and 

SVM algorithm ROC Area (AUC) comparisons of each FTIC-Graduated/Did-not-

graduate models (Figure 48 and Figure 49), the FTIC grouping show slightly better 

predictive performance for the decision tree models over the SMV models. The six 

evaluation graphs for the decision tree and SVM algorithm comparisons of each TRAN-

Graduated/Did-not-graduate models, the TRAN grouping show markedly better 

predictive performance for the decision tree models over the SVM models. In the next 

section scatter plot data visualizations and the findings within those diagrams will be 

discussed.  
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Figure 48. FTIC Predictive Model Evaluations 
 

Decision Tree (RandomForest Algorithm) vs. 
SVM (SMO Algorithm) 

 
Graduated Did Not Graduate 

  

  
1st Semester 

  

  
2nd Semester 

  

  
Last Semester 

  
x SMO (class: Graduated) 
   color = orange 
+ RandomForest (class: Graduated) 
   color = multicolor 

x SMO (class: Did-not-graduate) 
   color = orange 
+ RandomForest (class: Did-not-graduate) 
   color = multicolor 
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Figure 49. TRAN Predictive Model Evaluations 
 

Decision Tree (RandomForest Algorithm) vs. 
SVM (SMO Algorithm) 

 
Graduated Did Not Graduate 

  

  
1st Semester 

  

  
2nd Semester 

  

  
Last Semester 

  
x SMO (class: Graduated) 
   color = orange 
+ RandomForest (class: Graduated) 
   color = multicolor 

x SMO (class: Did-not-graduate) 
   color = orange 
+ RandomForest (class: Did-not-graduate) 
   color = multicolor 
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The TRAN 1st Semester results were processed again through the Weka 3.8.0 

Workbench to see if there would be a difference in model accuracy (see Figure 50). The 

original model was created using 10-fold cross-validation. The TRAN 1st Semester data 

set (N=496) was broken up into a training set (N=446) and a test set (N=50) and utilized 

the “Supplied test set” option to specify the separate test set with N=50. Rather than 95% 

model predictive accuracy, there was 92% model accuracy. Table 8 below compares each 

of the data model accuracies for decision tree and SVM models for FTIC and TRAN 

cohorts with 10-fold cross validation versus using training and test sets. 

Figure 50. FTIC and TRAN Cohorts – 1st, 2nd, Last Semester 
     Decision Tree Accuracy Comparison 
     10-fold Cross Validation vs. Train & Test Sets 

 

  
  



86 

 

 

 

Figure 51. Decision Tree Results – Test Set 
      TRAN 1st Semester Cohort 

 
=== Run information === 
 
Scheme:       weka.classifiers.trees.RandomForest -P 100 -I 100 -num-slots 1 -K 0 -M 1.0 -V 0.001 
-S 1 
Relation:     students 
Instances:    446 
Attributes:   6 
              Median.Income 
              AGE 
              DIFF_FIRST_LAST_TERM 
              UHIR_XFR_HRS_ERN 
              CUM_GPA_STRM_1ST 
              gradBinCat 
Test mode:    user supplied test set:  size unknown (reading incrementally) 
... 
=== Classifier model (full training set) === 
 
RandomForest 
 
Bagging with 100 iterations and base learner 
weka.classifiers.trees.RandomTree -K 0 -M 1.0 -V 0.001 -S 1 -do-not-check-capabilities 
Time taken to build model: 0.12 seconds 
 
=== Evaluation on test set === 
 
Time taken to test model on supplied test set: 0.01 seconds 
 
=== Summary === 
 
Correctly Classified Instances          46               92      % 
Incorrectly Classified Instances         4                8      % 
Kappa statistic                          0.7674 
Mean absolute error                      0.122  
Root mean squared error                  0.2172 
Relative absolute error                 29.1343 % 
Root relative squared error             49.4257 % 
Total Number of Instances               50      
 
=== Detailed Accuracy By Class === 
 
TP Rate  FP Rate  Precision  Recall   F-Measure  MCC      ROC Area  PRC Area  Class 
0.974    0.250    0.925      0.974    0.949      0.773    0.989     0.997     Did-not-graduate 
0.750    0.026    0.900      0.750    0.818      0.773    0.989     0.965     Graduated 
Weighted Avg.    0.920    0.196    0.919      0.920    0.917      0.773    0.989     0.989      
 
=== Confusion Matrix === 
 
  a  b   <-- classified as 
 37  1 |  a = Did-not-graduate 
  3  9 |  b = Graduated  
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Data Visualization. Data visualization techniques via scatter plots were used to 

help answer the second question of the study: 

(2) Which student-level attributes/variables pertain to students who graduate (i.e., 

persist) or do not graduate? 

The Nandeshwar (2010) study found that “Student’s and parent’s income capacity and 

levels affected student retention” (p. 91). Based on Figure 37 below, although the 

dependent variable (i.e., classifier) is graduation rate instead of student retention, the data 

does not conclusively show that income and graduation rates are significantly correlated 

because the range of income spans from the low $20’s to just under $100,000. 

Figure 52. Median Income vs. Ethnicity 
       First Time in College (FTIC) & Transfer (TRAN) – All Students 
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The next scatter plot shows that although graduation rates and median income 

may be quite varied, concentration of higher GPA’s (3.5 and greater) may have an 

influence on graduation rate. A small number of those who graduated also live in areas 

where the median annual income is well over $80,000. 

 
Figure 53. Median Income (by ZIP Code) vs. Cumulative GPA (Last Semester) 
       First Time in College (FTIC) & Transfer (TRAN) – All Students 
 

 

 
For FTIC students, exploratory data analysis of the population (N=99) shows that 

across multiple ethnicities of those who graduated, largely those whose GPA’s were right 

at 3.0 or greater were persisters.   
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Figure 54. Cumulative GPA vs. Ethnicity 
       First Time in College (FTIC) 
 

 

Additionally, for the FTIC population where most of the high school student data 

was available, the results show no significant influence of high school class size on high 

school class rank. 

Figure 55. High School Class Rank vs. High School Class Size 
       First Time in College (FTIC) 
 

 

Transfer (TRAN) students across ethnicities displayed more consistent graduation 

rates with higher GPA’s, like those in the FTIC cohort(s).   
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Figure 56. Cumulative GPA vs. Ethnicity 
       Transfer (TRAN) 
 

 

 

Figure 57. Transfer Hours Earned vs. Transfer Hours Taken 
       Transfer (TRAN) 
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Summary 

This chapter discussed two data mining models based on the knowledge discovery 

process described in Chapter 2 and the data preparation methodologies described in 

Chapter 3. The three supervised model results show that the decision tree model 

consistently exhibited better performance measures than the SVM model in terms of 

predictive accuracy. Important predictor attributes were summarized and listed for each 

of the models and compared with those discussed in Chapter 2. A brief discussion of 

other published models was presented, noting differences between student retention and 

graduation rate. The next chapter further explores the findings discussed in this chapter 

and the practical implications of this study, along with recommendations for future 

research. 
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Chapter 5 

Conclusion 

Per a Bellwether Education Partners study (Aldeman, 2015, p. 8), "As of 2013, 

there were 29.1 million college dropouts versus 24.5 million Americans who dropped out 

with less than a high school diploma. In pure, raw numbers, college dropouts are a bigger 

problem than high school dropouts." Although the Bellwether study pertains to this 

problem since 2013, Pittman (2008) says that retention has been a problem for many 

years. Campbell’s (2008, p. 17) research states, “NAU's current freshman retention is at 

64% while other comparable schools have a 74% retention rate for first-year freshmen. 

This 10% gap was costing NAU significant shortfalls in tuition and state budget 

allocations: Improving retention by just 1% would translate into annual revenues of more 

than $100,000.” The US News and World Report (2016) shows that the University of 

Houston’s freshman retention rate has only increased by 2% between their 2015 and 2017 

Best Colleges Rankings report from 83% to 85%. With the retention and graduation 

problem starting in high school and continuing into the college years, college rankings 

and financial loss are at stake, not to mention the academic futures of countless 

undergraduate students. 

Where univariate data analysis was the norm for student retention and graduation 

studies, the use of multivariate analysis is increasing and these insights can provide 

benefits to curb the growing issues of student retention and persistence (Pittman, 2008, p. 

98). However, multivariate data analysis via statistics is not all that can be done for data 

analysis. Multivariate data analysis should be combined with other methods, namely data 
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visualization as an exploratory data analysis tool and data mining computer science 

algorithms to enhance the approach to data analysis. 

To summarize, because there is a need for more powerful student graduation data 

analysis on data extracted from the PeopleSoft ERP at the University of Houston’s 

College of Education, the XLSTAT plug-in to Microsoft Excel with its feature set was 

used in conjunction with open (free) tools such as R, R Studio, and Weka to address the 

following research questions: 

 (1) Based on the data, how well are data mining algorithms able to predict  

 whether a student will graduate? 

 (2) Which student-level attributes/variables pertain to students who graduate 

 (i.e., persist) or do not graduate? 

To begin the research study, the exploratory data analysis method of principal 

components analysis (PCA) was used. This methodology narrowed down the scope of 

variables that were used for analysis by identifying the principal components involved in 

the data set. It consistently showed that for FTIC undergraduate students cumulative GPA 

(CUM_GPA_STRM)) and composite SAT scores (SAT_COMP) were the two principal 

components of interest. For transfer (TRAN) undergraduate students, the difference 

between first and last term (DIFF_FIRST_LAST_TERM) and median income (Median 

Income) were the variables of interest. These findings were consistent with the 

Nandeshwar (2010) study that pointed out the importance of performance and financial 

variables and student retention. Following the PCA process was the use of the predictive 

algorithms using Weka 3.8.0’s decision tree, and support vector machine (SVM) models. 
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The predictive accuracy of the algorithms used on the FTIC and TRAN cohort data sets 

varied. Decision tree Correctly Classified Instances for the FTIC data sets were 90.72%, 

91.33%, and 91.53% and the TRAN data set results were 65.65%, 61.61%, and 71.71%. 

For SVM, the Correctly Classified Instances for the FTIC data sets were 70.70%, 

69.69%, and 70.70% and the TRAN data set results were 73.38%, 72.98%, and 77.41%. 

In the Model Evaluation step of the KDP (Step 6) discussed in Chapter 4 (Figure 48 and 

Figure 49), the decision tree models for the FTIC student cohort data sets outperformed 

the SVM models. The accuracies were even higher for the TRAN data sets for decision 

tree over SVM results. 

Implications 

Conveying insights involving multivariate data can be a challenge. The research 

conducted in this study is unique in its own right because of the richness of the use of 

data visualization to help express and convey the insights gathered from the knowledge 

discovery process. Nandeshwar’s (2010) study is an example of the rich use of data 

visualization. The uniqueness of data visualization mentioned in regards to this study was 

enabled in part to the use of the XLSTAT package. Its scatter plot and correlation circle 

features were quite useful in achieving this end. Additionally, Figure 27 entitled 

“Multivariate Illustration of Graduates & Non-Graduates (Based on Missing 1st and/or 

2nd Semester)” uses spark lines with a “win / loss” configuration that give an insight into 

students who do not graduate if they miss their first or second semester. They can “miss” 

their first semester if they are admitted into a program, but do not enroll in the semester 

they are admitted. Identifying whether a student misses one or both first and second 
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semesters in their academic career is congruent with a commonly recognized trend in 

student retention and graduation / persistence research (Pittman, 2008; Swail, 2006; 

Nandeshwar, 2010). 

In addition to the contributions that this study has made to data extraction and the 

pre-processing (i.e. preparation) of data at the University mentioned in Chapter 3, there 

was also another area in data analysis research that this study addressed. Although 

demands for richer data analysis are evident today, in the higher education space there is 

a gap in the current knowledge base to be able to produce these deeper insights. In the 

past, the tools required to arrive at actionable knowledge have been varied, hard to come 

by, or required specific understanding of emerging fields such as data mining. Attempting 

to narrow this gap, this study employed XLSTAT, one of the latest data analysis plug-ins 

developed for multivariate data analysis and data mining. This plug-in to Microsoft Excel 

is slowly building its library of data mining videos and “recipes” that provide the user 

with the means to analyze multivariate data and use data mining algorithms without deep 

knowledge of this expansive field. The need for a consolidated work flow is especially 

useful in the higher education space where KDP expertise may not be readily available. 

Some of the key features of the data analysis package used for this research study include 

data cleaning, missing data replacement, data visualization, exploratory data analysis, 

descriptive statistics, and data mining algorithms such as decision trees and support 

vector machine (SVM). 

Employing such a tool to gain insights from the data could potentially close the 

gap of having the data to analyze, but who lack the expertise or means to use the data to 
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help students graduate. However, those at any organization or institution who are 

interested in analyzing data by way of data mining should use some of the more common 

open source (free) tools such as R, R Studio, and Weka. These tools have been 

traditionally used for multivariate data analysis and data mining and should be at the core 

of any data analyst’s repertoire to gather the findings reported in this study. Once a more 

vivid picture of the various student profiles contained within the data can be seen, the 

ongoing issues of college students dropping out, universities experiencing low retention 

and graduation rates, and financial loss can be combated. With these insights, actionable 

intelligence can be used to formulate a roadmap to potentially retain students and help 

them graduate with their undergraduate degree. 

Recommendations 

The knowledge discovery process (KDP) is a cornerstone to the structure of this 

study and the results obtained using this process could serve as a good model for future 

research. Institutions interested in their own research on predicting student graduation or 

conducting studies on student retention might want to make note of some of the following 

insights discovered during this research study. First, using a limited amount of student 

attributes involving performance (academics) and median income are not enough to 

generate deep insights into student graduation rates. A good research scope should 

consider the possibility of other sources of student data such as from housing (i.e. Does a 

student live on or off campus?), meal plan usage (i.e. Number of meal swipes per week), 

recreation and wellness center attendance, library book check outs, number of shuttle 

rides, etc. A comprehensive analysis of these data in addition to academic performance 
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and financial data sources may paint a more vivid student profile and shed light on 

influencers of student persistence. Second, the data sample used in this study was rather 

small, so a study on a much larger scale should be conducted to produce more accurate 

models that better predict student graduation. A population size brought to the magnitude 

of several thousand students should provide researchers with a better baseline. Thirdly, 

IPEDS calculations such as “150% normal time” (i.e. normal time to completion), and 

course completion ratios should be incorporated into a future research study. 

Additionally, other extracted data unused in this study should be used in the future such 

as individual course grades, and even data on professors and instructors. Looking for 

patterns in sequences of courses taken by students (sequence mining) could be an entirely 

different study that may provide deep insights. Another excellent resource for student 

data would be through the Student Success Collaborative from EAB here at the 

University. Yet another good source of student data when studying transfer students 

would be to pull in clearinghouse data to provide a more complete picture of transfer 

students who are graduating, but just doing so over the course of a period of years and 

institutions would also shed light on various student’s paths to graduation. Finally, the 

Nandeshwar (2010, p. 93) study discovered and highlighted rule sets (aka “Treatments”) 

of its own to fashion insights. Decision tree rules can certainly be used as guides to 

further insights in researching not only graduation rates, but also for student retention. 

Summary of Research 

This study focused on the predictive ability of data mining methods to predict 

student graduation and the use of data visualization techniques to identify attributes of 
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students who graduate and who do not graduate. Predicting student graduation and 

understanding the attributes of those who graduate and those who do not graduate may 

assist in identifying students who are at a higher risk of dropping out. In turn, these 

insights may assist in the development of interventions at the college level that will 

reduce these numbers. More students will graduate and this could in turn save the 

University hundreds of thousands of dollars. The money saved could be put to better use 

such as improving overall graduation rates for the university and its student retention 

figures. The knowledge discovery process (KDP) was used to reduce the many attributes 

(variables) extracted from the University’s PeopleSoft ERP (data warehouse). At times 

the KDP was automated and at other points was manually performed. This data cleaning 

and preprocessing always takes the longest time of this entire process. In conclusion, the 

findings of this research study show that the knowledge discovery process coupled with 

data visualization methods can paint a vivid picture of the profiles of undergraduate first 

time in college (FTIC) and undergraduate transfer students at a large urban university 

such as the University of Houston. 
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1. Algorithm (1) – "The automated extraction of predictive information from (large) databases" 

(Thearling, 2012). 

2. Algorithm (2) – "A set of step-by-step instructions for problem solving" (Negnevitsky, 2004, 

p. 425). 

3. Artificial Neural Network (ANN) – "An information-processing paradigm inspired by the 

structure and functions of the human brain. An ANN consists of a number of simple and 

highly interconnected processors, called neurons, which are analogous to the biological 

neurons in the brain. The neurons are connected by weighted links that pass signals from one 

neuron to another. While in a biological neural network, learning involves adjustments to the 

synapses, ANN's learn them through repeated adjustments of the weights. These weights 

store the knowledge needed to solve specific problems" (Negnevitsky, 2004, p. 426). 

4. Association Rule – "A rule that expresses concurrent relationships, called association, 

between items in large databases. It states how different items tend to group together. 

Association rules are used in market basket analysis" (Negnevitsky, 2004, p. 426). 

5. At-risk – "The term at-risk is often used to describe students or groups of students who are 

considered to have a higher probability of failing academically or dropping out of school" 

(Glossary of Education Reform, 2013). 

6. Attribute (1) – "In science and research, attribute is a characteristic of an object (person, 

thing, etc.). [A]n attribute is often intuitive" (Wikipedia, 2015a). 

7. Attribute (2) – "A property of an object. For example, the object 'computer' might have such 
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attributes as 'model', 'processor', 'memory' and 'cost'" (Negnevitsky, 2004, p. 426-427). 

8. Attrition – Student who fails to reenroll at an institution in consecutive terms. The term 

“attrition” is often used interchangeably with the terms “retention” or “student retention”. 

9. Automatic Cluster Detection – "Automatic cluster detection is an undirected data mining 

technique that can be used to learn about the structure of complex databases. By breaking 

complex data sets into simpler clusters, automatic clustering can be used to improve the 

performance of more directed techniques. By choosing different distance measures, 

automatic clustering can be applied to almost any kind of data. It is as easy to find clusters in 

collections of news stories or insurance claims as in astronomical or financial 

data…Clustering algorithms rely on a similarity metric of some kind to indicate whether two 

records are close or distant. Often, a geometric interpretation of distance is used, but there are 

other possibilities, some of which are more appropriate when the records to be clustered 

contain non-numeric data…One of the most popular algorithms for automatic cluster 

detection is K-means. The K-means algorithm is an iterative approach to finding K clusters 

based on distance" (Berry & Linoff, 2000, p. 497). 

10. Balanced Scorecard – "Using the balanced scorecard, an organization is valued on four 

dimensions, and not simply in terms of its financial performance. These four dimensions are: 

customer; internal process; innovation and learning; and financial. Metrics in the innovation 

and learning quadrant can often be improved by knowledge management activities. Although 

there is a continuing debate about the metrics that are appropriate in this quadrant, they have 

the potential to measure knowledge as an asset, and to support organizations as they seek to 
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value their intellectual capital" (Rowley, 2000, p. 326). 

11. Black Box – "A model that is opaque to its user; although the model can produce correct 

results, its internal relationships are not known. An example of a black box is a neural 

network. To understand the relationships between outputs and inputs of a black box, 

sensitivity analysis can be used" (Negnevitsky, 2004, p. 427). 

12. Boolean Logic – "A system based on Boolean algebra, named after George Boole. It deals 

with two values: 'true' and 'false'. The Boolean conditions of true and false are often 

represented by 0 for 'false' and 1 for 'true'" (Negnevitsky, 2004, p. 428). 

13. CART (Classification and Regression Trees) – "A tool for data mining that uses decision 

trees. CART provides a set of rules that can be applied to a new data set for predicting 

outcomes. CART segments data records by creating binary splits" (Negnevitsky, 2004, p. 

428). 

14. Case – A single row of data comprised of attributes pertaining to an individual or object. 

15. Class – "A group of objects with common attributes. Animal, person, car and computer are 

all classes" (Negnevitsky, 2004, p. 429). 

16. Clustering – "The process of dividing a heterogeneous group of objects into homogeneous 

subgroups. Clustering algorithms find groups of items that are similar in some respect. For 

example, clustering can be used by an insurance company to group customers according to 

age, assets, income and prior claims" (Negnevitsky, 2004, p. 429). 

17. Cohort – "In education, cohort is typically applied to students who are educated at the same 
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period of time—a grade level or class of students (for example, the graduating class of 2004) 

would be the most common example of a student cohort" (Glossary of Education Reform, 

2013). 

18. Data – "Facts, measurements or observations. Also, a symbolic representation of facts, 

measurements or observations. Data is what we collect and store" (Negnevitsky, 2004, p. 

430). 

19. Data Administration – The management of data within one or multiple database(s) which 

may involve the modifying and optimization of the data stored within one or multiple 

databases. 

20. Database – A central repository where data can be stored and organized and subsequently 

queried by various query languages. 

21. Data Cleaning – "The process of detecting and correcting obvious errors and replacing 

missing data in a database. Also referred to as data cleansing" (Negnevitsky, 2004, p. 431). 

22. Data Cube – "The means for representing multidimensional aggregated data. It provides a 

way to view data from a number of different perspectives. The data cube model is similar to a 

Rubik's cube - the user can easily turn one combination of dimensions into another" 

(Negnevitsky, 2004, p. 431). 

23. Data-Informed Decision Making – The process of analyzing data within one or more data 

repositories through the knowledge discovery process (KDP), which, in turn, maximizes the 

efficiency and/or proficiency of business processes within an organization. 
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24. Data Mining – "The extraction of knowledge from data" (Negnevitsky, 2004, p. 431). 

25. Data Modeling – "Data modeling is a process used to define and analyze data requirements 

needed to support the business processes within the scope of corresponding information 

systems in organizations" (Wikipedia, 2014b). 

26. Data Record – "A set of values corresponding to the attributes of a single object. A data 

record is a row in a database. Also referred to as a Record" (Negnevitsky, 2004, p. 431). 

27. Data Warehouse – "A large database that includes millions, even billions, of data records 

designed to support decision making in organizations. It is structured for rapid on-line 

queries and managerial summaries" (Negnevitsky, 2004, p. 431). 

28. Decision Tree – "A graphical representation of a data set that describes the data by tree-like 

structures. A decision tree consists of nodes, branches and leaves. The tree always starts from 

the root node and grows down by splitting the data at each level into the new nodes. Decision 

trees are particularly good at solving classification problems. Their main advantage is data 

visualization" (Negnevitsky, 2004, p. 431). 

29. Drop Out – "…more than four decades ago, Alexander Astin identified the dropout concept 

as a problem in his book Predicting Academic Performance in College (1971). According to 

Astin, ‘...the term "dropout" is imperfectly defined: the so-called dropouts may ultimately 

become non-dropouts and vice versa. ...But there seems to be no practical way out of the 

dilemma: A 'perfect' classification of dropouts versus non-dropouts could be achieved only 

when all of the students had either died without ever finishing college or had finished 
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college. (p. 15)’ Astin added that defining dropout was further complicated by the prevalence 

of student enrollment in several different institutions throughout their educational career" 

(Hagedorn, 2005, p. 4). 

30. Ensemble Model/Ensemble Modeling – "Ensemble Data Mining Methods, also known as 

Committee Methods or Model Combiners, are machine learning methods that leverage the 

power of multiple models to achieve better prediction accuracy than any of the individual 

models could on their own. The basic goal when designing an ensemble is the same as when 

establishing a committee of people: each member of the committee should be as competent 

as possible, but the members should be complementary to one another. If the members are 

not complementary, i.e., if they always agree, then the committee is unnecessary—any one 

member is sufficient. If the members are complementary, then when one or a few members 

make an error, the probability is high that the remaining members can correct this error. 

Research in ensemble methods has largely revolved around designing ensembles consisting 

of competent yet complementary models" (Oza, 2008, p. 1). 

31. Enterprise Resource Planning (ERP) – A large system made up of multiple databases that 

holds vast amounts of data pertaining to but not limited to the core business operations within 

an organization. This data may be used throughout the organization based on user or group 

access. 

32. Euclidean Distance – "The shortest distance between two points in space" (Negnevitsky, 

2004, p. 433). 

33. Fact – "A statement that has the property of being either true or false" (Negnevitsky, 2004, p. 
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434). 

34. Factory Model – "The industrial age spawned a number of efforts to scientifically reform 

school systems. In 1912 Franklin Bobbitt, based on Frederick Taylor’s efficiency studies, 

suggested schools should be modeled after factories. The idea wasn’t all that new, in 1838 

Joseph Lancaster brought on of the first factory models of schooling to America (Kliebard, 

1995; Spring, 2001). The factory model suggests large classrooms, organizing teachers into 

hierarchies under powerful supervisors, and viewing students as raw material to be converted 

into finished products. In the name of efficiency, this factory model of education continues to 

find advocates despite many objections (Darling-Hammond, 1995; Sergiovanni, 1996)" 

(Campbell, 2008, p. 8). 

35. Field – "A space allocated in a database for a particular attribute" (Negnevitsky, 2004, p. 

434). 

36. First Time in College (FTIC) – A student who has never been admitted to a degree program 

at a university or any other post-secondary institution of higher education. 

37. Hypothesis – "A statement that is subject to proof" (Negnevitsky, 2004, p. 437). 

38. Information Resource Management – A management term that conceptualizes data, 

information, and computer resources (computer hardware, software, networks, and 

personnel) as important organizational resources that should be efficiently, economically, and 

effectively managed for the benefit of the entire organization. 

39. Instance (1) – "A specific object from a class" (Negnevitsky, 2004, p. 438). 
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40. Instance (2) – "A member of the schema" (Negnevitsky, 2004, p. 438). 

41. Instantiation – "The process of assigning a specific value to a variable. For example, 'August' 

is an instantiation of the object 'month'" (Negnevitsky, 2004, p. 438). 

42. Institutional Completion Rate – "The institutional completion rate is the percentage of 

students who are successful in their attempt to earn a bachelor’s degree at the same four-year 

institution at which they first attended (i.e., the student did not transfer to another 

institution)" (National Association of Independent Colleges and Universities). 

43. Institutional Rate of Departure – "The institutional rate of departure is the percentage of 

students who did not return from one year to the next" (Campbell, 2008, p. 10). 

44. K-Nearest Neighbor (KNN) – "Nearest-neighbor classifiers are based on learning by 

analogy, that is, by comparing a given test tuple with training tuples that are similar to it. The 

training tuples are described by n attributes. Each tuple represents a point in an n-

dimensional space. In this way, all the training tuples are stored in an n-dimensional pattern 

space. When given an unknown tuple, a k-nearest-neighbor classifier searches the pattern 

space for the k training tuples that are closest to the unknown tuple. These k training tuples 

are the k “nearest neighbors” of the unknown tuple" (Han, Kamber, & Pei, 2012, p. 423). 

45. Knowledge – "A theoretical or practical understanding of a subject. Knowledge is what helps 

us make informed decisions" (Negnevitsky, 2004, p. 439). 

46. Knowledge Base – "A basic component of an expert system that contains knowledge about a 

specific domain" (Negnevitsky, 2004, p. 439). 
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47. Knowledge-Based System – "A system that uses stored knowledge for solving problems in a 

specific domain. A knowledge-based system is usually evaluated by comparing its 

performance with the performance of a human expert" (Negnevitsky, 2004, p. 439). 

48. Knowledge Discovery Process – "The knowledge discovery process (KDP), also called 

knowledge discovery in databases, seeks new knowledge in some application domain. It is 

defined as the nontrivial process of identifying valid, novel, potentially useful, and ultimately 

understandable patterns in data. The process generalizes to nondatabase sources of data, 

although it emphasizes databases as a primary source of data. It consists of many steps (one 

of them is DM), each attempting to complete a particular discovery task and each 

accomplished by the application of a discovery method. Knowledge discovery concerns the 

entire knowledge extraction process, including how data are stored and accessed, how to use 

efficient and scalable algorithms to analyze massive datasets, how to interpret and visualize 

the results, and how to model and support the interaction between human and machine. It 

also concerns support for learning and analyzing the application domain" (Cios, Pedrycz, 

Swiniarski, & Kurgan, 2007, p. 10). 

49. Leaf – "A bottom-most node of a decision tree; a node without children. Also referred to as a 

Terminal node" (Negnevitsky, 2004, p. 440). 

50. Linear Regression – "Linear regression involves finding the 'best' line to fit two attributes (or 

variables) so that one attribute can be used to predict the other" (Han et al., 2012, p. 90). 

51. Logistic Regression – "Simple logistic regression is analogous to linear regression, except 

that the dependent variable is nominal, not a measurement. One goal is to see whether the 
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probability of getting a particular value of the nominal variable is associated with the 

measurement variable; the other goal is to predict the probability of getting a particular value 

of the nominal variable, given the measurement variable" (Handbook of Biological Statistics, 

N.D., p. 240). 

52. Machine Learning – "An adaptive mechanism that enables computers to learn from 

experience, learn by example and learn by analogy. Learning capabilities improve the 

performance of an intelligent system over time. Machine learning is the basis of adaptive 

systems. The most popular approaches to machine learning are artificial neural networks and 

genetic algorithms" (Negnevitsky, 2004, p. 440-441). 

53. Modeling – See Data Modeling. 

54. Node – "A decision point of a decision tree" (Negnevitsky, 2004, p. 442). 

55. Object – "A concept, abstraction or thing that can be individually selected and manipulated, 

and that has some meaning for the problem at hand. All objects have identity and are clearly 

distinguishable" (Negnevitsky, 2004, p. 442-443). 

56. Outlier – "A value that is numerically distinct from the rest of the data" (Negnevitsky, 2004, 

p. 443). 

57. Overfitting – "Overfitting is when you pay too much attention to idiosyncrasies of the 

training data, and aren't able to generalize well. Often this means that your model is fitting 

noise, rather than whatever it is supposed to fit. A student who memorizes answers to past 

exam questions without understanding them has overfit the training data. Like the full tree, 
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this student also will not do well on the exam" (Daumé, 2014, p. 20). 

58. Parent – "In a decision tree, a parent node is a node that splits its data between nodes at the 

next hierarchical level of the tree. The parent node contains a complete data set, while child 

nodes hold subsets of that set" (Negnevitsky, 2004, p. 444). 

59. Persistence – "the desire and action of a student to stay within the system of higher education 

from beginning through degree completion " (Seidman, 2005, p. 7). 

60. Principal Component Analysis (PCA) – "A mathematical procedure that transforms a large 

number of correlated variables into a smaller number of uncorrelated variables" 

(Negnevitsky, 2004, p. 444). 

61. Regression (2) – "Regression problems are concerned with predicting the outcome of a 

dependent variable given a set of independent variables" (StatSoft, 2015). 

62. Relational Database – "A set of formally described tables from which data can be accessed or 

assembled without having to recognize the tables themselves" (Negnevitsky, 2004, p. 445). 

63. Root Node – "The top most node of a decision tree" (Negnevitsky, 2004, p. 445). 

64. Search Space – "The set of all possible solutions to a given problem" (Negnevitsky, 2004, p. 

446). 

65. Set – "A collection of elements (also called members)" (Negnevitsky, 2004, p. 447). 

66. Six-Year Completion Rate / Six-Year Attainment / Six-Year Persistence – Percentage of 

FTIC students who graduate from a four-year degree program at a four-year college or 
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university. The six-year graduation rate formula is as follows: 

Number of six-year graduates in year X 

-------------------- 

(Number of end-of-year [FTIC students] in year X – 6) + (Number of FTIC students) 

67. Stop Out – "Stop-out, a term coined by the Carnegie Council (1980), refers to the voluntary 

interruption by students in their enrollment in postsecondary education for one or more 

terms."  

68. Structured Query Language (SQL) – "A command language that allows the retrieval, 

insertion, updating and deletion of data" (Negnevitsky, 2004, p. 448). 

69. Student Attrition – "Tinto (1975) is credited with developing one of the first models for 

studying student attrition and persistence in higher education. Based on his Student 

Integration Model, he defined student attrition as 'a longitudinal process of interactions 

between the individual and the academic and social systems of the college during which a 

person’s experiences in those systems...continually modify his goals and institutional 

commitments in ways which lead to persistence and/or to varying forms of dropout'" (Tinto, 

1975, p. 94). 

70. Student Model – "A computer-generated diagram or understanding of what a student 

understands about a given subject" (Mizoguchi, 1995, p. 45). 

71. Student Withdrawal – When a student exits from classes during the period from the first day 

of classes through the last day of exams. 
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72. Supervised Learning – "A type of learning that requires an external teacher, who presents a 

sequence of training examples to a learner" (Negnevitsky, 2004, p. 448). 

73. Supervised Models/Supervised Modeling – "Supervised models are sometimes referred to as 

predictive models. These models predict a target value" (Oracle, 2005). 

74. Support Vector Machine (SVM) – "[An algorithmic] method for the classification of both 

linear and nonlinear data. SVMs can also be used for numeric prediction. They have been 

applied to a number of areas, including handwritten digit recognition, object recognition, and 

speaker identification, as well as benchmark time-series prediction tests" (Han et al., 2012, p. 

408). 

75. Test Set – "A data set used for testing the ability of an algorithm to generalize. The test set is 

independent of a training set or validation set, and contains examples that an algorithm has 

never seen before" (Negnevitsky, 2004, p. 448). 

76. Three-Year Completion Rate / Three-Year Attainment / Three-Year Persistence – Percentage 

of transfer students who graduate from a four-year degree program who transferred into a 

four-year college or university. The three-year graduation rate formula is as follows: 

Number of three-year graduates in year X 

-------------------- 

((# of end-of-year [transfer students] in year X – 3) + (# of transfers in) – (# of 

transfers out)) 

77. Transfer Student – "A student who has attended another post-secondary institution of higher 
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education and who may seek admission to [a university] with advanced standing" (Howard, 

2015). An assumption for this study is that the student has transferred into a large urban 

university and is seeking a 4-year degree. 

78. Underfitting – "Underfitting is when you had the opportunity to learn something but didn't. A 

student who hasn't studied much for an upcoming exam will be underfit to the exam, and 

consequently will not do well" (Daumé, 2014, p. 20). 

79. Retention – "Ability of an institution to retain a student from admission through graduation’ 

(Seidman, 2005, p. 14). Retention also measures how a student persists from their first to 

second year of study" 

80. Unsupervised Models/Unsupervised Modeling – "A data mining model built without the 

guidance (supervision) of a known, correct result. In supervised learning, this correct result is 

provided in the target attribute. Unsupervised learning has no such target attribute. Clustering 

and association are examples of unsupervised mining functions" (Oracle, 2005). See 

Supervised Models/Supervised Modeling 

81. Variable (1) – "The operationalized way in which the attribute is represented for further data 

processing" (Wikipedia, 2015e). 

82. Variable (2) – "In computer programming, a variable or scalar is a storage location paired 

with an associated symbolic name (an identifier), which contains some known or unknown 

quantity or information referred to as a value. The variable name is the usual way to 

reference the stored value; this separation of name and content allows the name to be used 
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independently of the exact information it represents" (Wikipedia, 2015d). 
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Appendix B 

Partial IPEDS Glossary – US Department of Education 
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1) Adjusted cohort 

The result of removing any allowable exclusions from a cohort (or subcohort). For the Fall 

Enrollment component, it is the cohort for calculating retention rate; for the Graduation Rates 

component, this is the cohort from which graduation and transfer-out rates are calculated; and for 

the Outcome Measures component, these are the four cohorts (full-time, first-time; part-time-

first-time; full-time, non-first-time; and part-time, non-first-time) for which outcomes rates are 

calculated at 6 and 8 years. 

 

2) Cohort 

A specific group of students established for tracking purposes. 

 

3) Exclusions 

Those students who may be removed (deleted) from a cohort (or subcohort). For the Graduation 

Rates, Outcome Measures , and Fall Enrollment retention rate reporting, students may be 

removed from a cohort if they left the institution for one of the following reasons: death or total 

and permanent disability; service in the armed forces (including those called to active duty); 

service with a foreign aid service of the federal government, such as the Peace Corps; or service 

on official church missions. 

 

4) First-time student (undergraduate) 

A student who has no prior postsecondary experience (except as noted below) attending any 

institution for the first time at the undergraduate level. This includes students enrolled in 
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academic or occupational programs. It also includes students enrolled in the fall term who 

attended college for the first time in the prior summer term, and students who entered with 

advanced standing (college credits earned before graduation from high school). 

 

5) Graduation rate 

The rate required for disclosure and/or reporting purposes under Student Right-to-Know Act. 

This rate is calculated as the total number of completers within 150% of normal time divided by 

the revised adjusted cohort. 

 

6) How to calculate “150% of normal time” 

See below 

 

7) Integrated Postsecondary Education Data System (IPEDS) 

The Integrated Postsecondary Education Data System (IPEDS), conducted by the NCES, began 

in 1986 and involves annual institution-level data collections. All postsecondary institutions that 

have a Program Participation Agreement with the Office of Postsecondary Education (OPE), 

U.S. Department of Education (throughout IPEDS referred to as "Title IV") are required to report 

data using a web-based data collection system. IPEDS currently consists of the following 

components: Institutional Characteristics (IC); 12-month Enrollment (E12); Completions (C); 

Admissions (ADM); Student Financial Aid (SFA); Human Resources (HR) composed of 

Employees by Assigned Position, Fall Staff, and Salaries; Fall Enrollment (EF); Graduation 

Rates (GR); Outcome Measures (OM); Finance (F); and Academic Libraries (AL).   
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Appendix C 

Study Variables – Considered 
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1) ID-All – This column follows all the variables for all of the sections that will be analyzed. 

2) ID-Int – This is the numbering for each of the color-coded sections. 

3) Attribute – These are the variables being considered for the study. 

4) LookupTable – This notifies the analyst of whether there is another table in the database 

created for this study that contains multiple data points for that variable. 

5) DataType – Indicates the data type of variable/attribute (integer, decimal, etc.) 

6) Table – What data table in the PeopleSoft ERP did the data come from? 

7) AttribDescription – Description of the variable from the ERP data dictionary. 
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Appendix D 

Study Variables – Selected with Missing Data Calculations 
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Percentage of Missing Data – ALL; FTIC; TRAN 
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Appendix E 

Principle Components Analysis (PCA) Analysis 
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Principle Components Analysis (PCA) 

First Time in College (FTIC) Students – 1st, 2nd, Last Semesters 
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Principle Components Analysis (PCA) 

Transfer (TRAN)– 1st, 2nd, Last Semesters 
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Appendix F 

Data Set Demographic Breakdown 
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