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Project Summary
The purpose of this project is to examine the role that Mathematics plays as “gatekeeper” to the
successful (or unsuccessful) completion of a college degree and to determine whether patterns of
course selection impact retention and graduation. The variables to be collected in the study include
demographics (race, gender, age), admission values (high school gpa, ACT scores, SAT scores),
transcript information (courses, grades, and declared major) over a 6-year period. The final variable
to be collected is whether the student graduates during the period under study. The database
contains over 50,000 student records, and over 300,000 enrollment records.
Traditional statistical methods are inadequate to handle such a large database. These techniques
must be supplemented by data mining tools. The database must be investigated using the data
mining process. Whereas statisticians were content to use logistic regression to identify those at
higher risk of dropping out, data miners want to be able to predict accurately the sub-group of
students who will not continue, and to prioritize the sub-group for interventions to increase the
retention of this sub-group. The project will adapt methods used in the retail industry to examine the
problem of “churn”, or customers switching to another company for goods and services. The
customers at the greatest risk of leaving are clearly identified so that an intervention can be used to
prevent the “churn” from occurring.
Low graduation rates generally demonstrate that current efforts at retention are not successful.
One of the problems remains the reliance on statistical methods to identify those at risk. Instead of
refining the model to examine individual characteristics and longitudinal performance from
semester to semester, statistical methods target general demographic groups. Data mining, however,
can provide more accurate results by using more dependent variables in the model, including
transcript information to date for each student.
The specific aims of this project are listed below:
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Aim 1. To determine the relationship between initial mathematics course, admission values, and
graduation.
Aim 2. To determine the relationship between the number of times a mathematics course is
repeated, admission values, and graduation.
Aim 3. To determine the relationship between mathematics grades and grades in other subjects.
Aim 4. To determine the relationship between declared major and final graduation rate, and
between declared major and success in mathematics courses.
Aim 5. To determine the relationship between choice of general education courses, and
graduation.
Aim 6. To determine the relationship between graduation and course order by semester.
Aim 7. To examine the relationship between course choice and final graduation.
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Project Description
Statement of Problem and Variables
The purpose of this project is to examine the role that Mathematics and choice of student majors
plays as “gatekeeper” to successfully obtaining a college degree and to determine whether patterns
of course selection impact retention and graduation. The variables to be collected in the study
include demographics (race, gender, age), admission values (high school gpa, ACT scores, SAT
scores), transcript information (courses, grades, and declared major) over a 6-year period. The final
variable to be collected is whether the student graduates during the period under study.
Aim 1. To determine the relationship between initial mathematics course, admission values,
and graduation. It is hypothesized that if the initial course is calculus or precalculus then
graduation occurs. If the initial course is college algebra, finite mathematics, or contemporary
mathematics then graduation occurs provided that the grade in the mathematics course is an A or B.
If the initial course is in remedial mathematics then graduation is highly unlikely.
Aim 2. To determine the relationship between the number of times a mathematics course
is repeated, admission values, and graduation. It is hypothesized that a student who fails the
initial mathematics course one or more times (and who repeats) is unlikely to graduate.
Aim 3. To determine the relationship between mathematics grades and grades in other
subjects. It is hypothesized that the GPA for mathematics will be lower than grades in other
subjects unless the initial class is calculus, in which case the GPA in mathematics will be higher
compared to grades in other subjects.
Aim 4. To determine the relationship between declared major and final graduation rate,
and between declared major and success in mathematics courses. It is hypothesized that science
majors are more likely to succeed in mathematics, and graduate. It is further hypothesized that non-
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science majors will graduate based upon their success in their mathematics courses, particularly if
the choice of mathematics is non-algebra based.
Aim 5. To determine the relationship between choice of general education courses, and
graduation. It is hypothesized that students who enroll in specific patterns of courses are more
likely to graduate compared to students who enroll in others.
Aim 6. To determine the relationship between graduation and course order by semester. It
is hypothesized that the courses a student chooses in one semester are highly related to the success
(or failure) in mathematics.
Aim 7. To examine the relationship between course choice and final graduation. It is
hypothesized that students who are successful in their mathematics courses choose schedules that
are more likely to lead to graduation compared to students who are not successful. It is also
hypothesized that the choice of mathematics general education course is related to graduation rates.
Preliminary studies have shown that course selection has impact on student
retention.(Anderson-Rowland, 1998)
The following specific variables will be examined in the analysis
Demographics

Admission Characteristics

Transcript Information

Race

High school GPA

Courses Attempted each semester

Gender

High school diploma or GED

Grades for each semester

Age

Admission semester

Declared major

State (Country)

ACT (SAT) scores

Graduation date
Full time or part time status

The sample will consist of all students admitted from 2000 to the present time. This will give a
6-year window to examine both progress toward graduation and within a 4-year, 5-year, and 6-year
time period. Since the University of Louisville enrolls over 20,000 students a year, there will be
approximately 120,000 student years of activity in higher education. The data will be in a one-tomany relationship as each student will have several semesters of courses and grades.
6

Proposed Plan of Work
Now that most admission and registration information is readily available in electronic
databases, it is possible to use all of the data instead of a small piece with a limited number of
variables and student records. With recently developed data mining tools, all data electronically
collected by the university for each individual student can be used to examine issues of retention,
success, and graduation.
All of the required data exist in PeopleSoft in multiple tables. Several queries will be defined to
collect all relevant information. The linkage needed to define the query is the student ID number.
Once the query is defined, the student ID number will be stripped prior to download, thereby
preserving student confidentiality. No student identifiers are needed for the research once the initial
query is completed.
Data mining techniques will be used to investigate the aims of this project. In addition, data
mining can be used to generate additional hypotheses concerning the relationship between success
in mathematics and success at the university. Once generated, the data under examination will have
a sufficiently large size to validate (or discount) any hypothesis that is generated. Data mining
techniques include data visualization (kernel density estimation, 3-dimensional techniques, link
analysis), association rules, neural network analysis, general linear model, mixed models, and
decision trees. The analysis will begin with visualization and mixed models since each student
needs to be represented in the model as a random effect, and expand to the use of the remaining
techniques. The data will be examined using what is called supervised (as opposed to unsupervised)
learning since each student has (or should have) a final goal of graduation.
Data-mining tools come in three general categories: query-and-reporting tools,
multidimensional analysis tools, and intelligent agents. Query-and-reporting tools include all
traditional statistical methods, including kernel density estimation. They require close interaction
7

with the investigator and data in a specialized database or spreadsheet format. Multidimensional
analysis tools include the more recently developed artificial neural networks and Bayesian decision
trees and still require relatively structured data. The intelligent agents can investigate unstructured
data and are the tools used to examine text. The three categories of data mining tools can all be used
in sequence to solve problems. Medical research requires all types of data mining tools. However, it
is the text analysis that will allow the data to be structured and quantified to be used with the other
techniques.
Data mining is a process with the following steps:
1. Developing an understanding of the application domain, the relevant prior knowledge, and
the goals of the end user.
2. Creating a target data set, selecting a data set, or focusing on a subset of variables or data
samples, on which discovery is to be performed taking into consideration the homogeneity
of the data, change over time, and sampling strategy.
3. Data cleaning and preprocessing, removing noise and outliers and deciding on strategies for
handling missing data.
4. Data reduction and transformation, finding useful features to represent the data, depending
on the goal of the task by using dimensionality reduction or transformation methods.
5. Choosing the data-mining task by deciding whether the goal is classification, regression,
clustering, summarization, modeling, and so on.
6. Data mining, performing the actual analysis, is automated and most often done with
software
7. Evaluating output by determining what is actually knowledge and what is “fool’s gold.”
Knowledge must be filtered from other outputs by using statistical checks, visualization, or
expertise.
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8. Incorporating knowledge into the performance system and resolving potential conflicts with
previously extracted knowledge.
This project will use the data mining process to investigate student outcomes using admissions
and registration data files. Text analysis will be used on the nominal fields in the database. The
basics of text analysis are
1. Coding: determining the basic unit of analysis, and counting how many time each word appears.
2. Categorizing: creating meaningful categories to which the unit of analysis (for example, "terms
signifying 'cooperation' and terms signifying 'competition') can be assigned.
3. Classifying: verifying that the units of analysis can be easily and unambiguously assigned to the
appropriate categories.
4. Comparing: comparing the categories in terms of numbers of members in each category.
5. Concluding: drawing theoretical conclusions about the content in its context.
One of the more exciting aspects of data mining is the ability to analyze text. Text mining can
be used to examine documents, comments, and open-ended survey questions. It has advanced to the
point of natural language processing, including syntax and grammar. The first step in the text
mining process is to create a document by word matrix, parsing it down to a manageable size. Once
the text parsing is complete, the documents can be clustered using the expectation maximization
iterative process.(Dellaert, 2002) Association rules can be applied to examine relationships between
terms in the documents.(Agrawal & Srikant, 1994)
Further complicating the situation is the fact that different departments often teach similar
courses, or cross list them outright. Text mining provides a solution. Courses with similar content
can be identified by text mining, and clustered together. Once clustered, the number of categories
and patterns of student registration can be reduced to something more manageable in statistical
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analysis.(Cerrito, 2004a, 2004b) Those patterns related to successful graduation and retention can
be identified.
Aim 1. To determine the relationship between mathematics courses, admission values, and
graduation.
Initial placement into mathematics is based upon math ACT score. Students scoring below a 21
math ACT are placed in remedial courses; students scoring 21-22 ACT are placed in special
sections of College Algebra that provide extra support; students with a minimum 23 ACT are placed
in general education courses according to policy. The first analysis will be to examine whether
policy is observed, or whether students are placed into courses without the required ACT minimums.
The generalized linear model will be used.
In order to complete general education mathematics requirements, and subject-specific
requirements, students will enroll in different combinations of courses. There are too many different
categories to be considered in standard statistical methods. Therefore, cluster analysis will be used
to compress the different combinations of courses. Cluster analysis generally requires interval or
ordinal data; courses represent nominal data. However, a relatively new clustering method,
expectation maximization, can be used with nominal data. (Cerrito, 2005).
Expectation maximization takes advantage of stemming properties in nominal data. Stemming
means finding and returning the root form (or base form) of a word. Stemming enables the investigator
to work with linguistic forms that are more abstract than those of the original text. For example, the
stem of grind, grinds, grinding, and ground is grind. The document collection often contains terms
that do have the same base form but share the same meaning in context. For example, the words teach,
instruct, educate, and train do not have a common stem, but share the same meaning of teach. Text
mining can relate words with similar stems. The capability can be extended to numeric codes. Text
mining can also work with lists of words to denote a meaning instead of using one particular word with
10

a keyword approach. It allows for the fact that language used in defining class names is not
standardized, and probably will never be standardized.
Once clustered, the number of categories and patterns of student registration can be reduced to
something more manageable in statistical analysis.(Cerrito, 2004a, 2004b) Those patterns related to
successful graduation and retention can be identified.
The number of student records is so large, the p-value cannot be used in analysis to examine the
relationship between courses and graduation. Therefore, a random, holdout sample will be used
from the dataset to record the accuracy of prediction of graduation based upon mathematics courses
and accumulated GPA from those courses. Partitioning for validation is routine in the data mining
process. Predictive modeling will be used to examine the accuracy of prediction.
It is regarded as a “rule” that mathematics is the gatekeeper course to graduation and that
students who are successful in other disciplines struggle with general education mathematics. To
investigate the relationship between grades and courses, the data need to be investigated by
semester transcript, again including a time factor into the model. However, it is not enough to
determine that there is a relationship between mathematics grades and grades in other courses; it is
of value to examine patterns in the courses attempted. In other words, would a student be more
successful, and less likely to drop out if the mathematics course were deferred to the spring
semester; or perhaps if the mathematics courses were attempted in semester 1, the student is more
likely to succeed. Patterns of success can be examined compared to patterns of failure. The
programming needed to examine these patterns is given in Figure 1.
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In data mining, several techniques are used
to examine the patterns in the data. They
are assessed to find the optimal outcomes.
In particular, the Bayesian decision tree
sets up specific pathways that lead to
graduation success.

One item to compare is the GPA of students who enroll in mathematics in the fall of the freshman
year compared to those who enroll in the junior year or later. Student admission information and
major will have to be included in the model as well. Another item to be considered is the type of
courses that the student enrolls in prior to mathematics.
One preliminary analysis of mathematics and general education is provided in the
supplementary documentation. It examines the overall relationship between mathematics
performance and graduation, but does not yet take the time factor and sequencing into consideration.
Admission values (ACT) also has to be added to the model developed.
Aim 2. To determine the relationship between the number of times a mathematics course is
repeated, admission values, and graduation.
Currently, most students must master mathematics material to which they have been exposed
without previous success. In many cases, their previous background does not prepare them to
succeed. Many students tend to either repeat courses or to switch courses in attempts to extract a
passing grade from their mathematics course. There will be a number of different patterns to
consider in terms of student success. These include the differential between Math ACT and the
ACT required for admission into various mathematics courses. The minimum ACT needed to
achieve a C or better in the course at least 80% of the time will also be examined. If the course
12

requires a higher ACT than the stated prerequisite then the result clearly identifies an intervention
for improved success.
However, some students go around the prerequisite ACT and take courses for which they are
under-prepared. It is also possible that the prerequisite ACT should be adjusted to increase the
chances for student success. Special sections of College Algebra have been introduced for students
with marginal ACT scores in order to increase the success rate; the anticipated success needs to be
examined. In addition, an outreach program has been developed to provide tutoring services; the
relationship between time in tutoring and final grade will also be examined.
Because there is a repeated measures component to the variables (what course, and when the
course was taken), with a dichotomous outcome, most standard statistical techniques are not
applicable. The generalized linear mixed model can use random effects for a distribution in the
Gaussian family (including binary and Poisson). This relatively new procedure is readily available
in SAS (SAS Institute; Cary, NC).(Anonymous, 2004) This aim is more inferential compared to
Aim 1 since the issue is to examine the relationship between ACT and individual mathematics
course.
Aim 3. To determine the relationship between mathematics grades and grades in other
subjects.
The first question to be asked is whether mathematics courses have a higher failure rate
compared to other disciplines. Preliminary analysis (see supplemental documentation) seems to
indicate that mathematics courses have the lowest success and lowest rate of student retention
compared to other courses. If that is the case, postponement of mathematics to build a strong gpa
must be weighed against loss of skills caused by delay.
Another issue of concern is the variability in grading by different instructors. If class and
instructor grade averages are used to examine the relationship between grades in mathematics
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courses and student retention, it could be that the variability in grading needs to be examined as
well. Preliminary analyses show that in the absence of accountability, the variability is substantial.
Although instructors are held accountable for student perceptions as demonstrated on student
teaching evaluations, they are not held accountable for their grading patterns. Therefore, the
relationship between patterns of grading and final graduation will also be examined.
This aim is much more exploratory than inferential-do patterns exist, and can those patterns
predict outcomes? First, enrollment tables will be transposed and concatenated so that all courses
taken by a student in one semester will be combined into two text strings: mathematics and nonmathematics. Then the students will be clustered, first by mathematics courses and then by nonmathematics clusters. The students GPA in each cluster will also be computed using this same
enrollment data. Several questions will be examined using predictive models as shown in Figure 1:
1. Can mathematics course enrollment predict enrollment in non-mathematics courses,
given student major and semester?
2. What is the relationship between mathematics GPA, mathematics course, and GPA in
non-mathematics courses?
3. Are students who are successful in mathematics courses (C or better, no repeats) more
likely to be successful in non-mathematics courses compared to students who repeat
mathematics courses?
Aim 4. To determine the relationship between declared major and final graduation rate, and
between declared major and success in mathematics courses.
The “rule” is that some majors are more difficult than others and require more effort. This “rule”
is based on some studies of declared majors.(Turner & Bowen, 1999) However, the changes in
major are not identified in their relationship to graduation. Some students may transfer major to
remain in school while others do not, and drop out. Because major can change over the course of a
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student’s career, the generalized linear mixed model will be used to examine the relationship
between major and graduation. It is suggested that some students in academic difficulty will change
major while others will drop out. Therefore, the relationship between changing major and low GPA
will be investigated.
Aim 5. To determine the relationship between choice of general education courses, and
graduation.
Certain majors require specific general education mathematics courses. For example, business
majors are required to take finite mathematics; biology majors must take elementary calculus. Yet it
is well known that some general education mathematics courses have higher success rates compared
to others. If an option is available, advisors usually recommend the courses with the greater success
rates.(Turner & Bowen, 1999) It is possible that similar relationships exist between other general
education courses and graduation. In particular, students at the University of Louisville must take
courses in science, social science, and humanities as well as computer and writing literacy.
However, one of the biggest problems with examining patterns of course enrollment is the total
diversity of courses. Linkage within individual student transcripts can be used to cluster the
transcripts into specific, labeled patterns. Once targeted, linkage between course registration can be
investigated using association rules and machine-generated concept links. Also, the clusters of
transcripts can be used to examine the target variable of successful graduation. Figure 2 provides
the programming graphics for text mining.
Once the text strings and text clusters have been developed, association rules can find patterns;
predictive modeling can validate the relationship of the patterns to student success. For example, the
majority of students register for general education biology to complete their science requirement;
humanities students tend to register for a non-algebra based mathematics course. Are there other
choices that result in higher graduation levels?
15

Figure 2. Text mining
programming code.

Aim 6. To determine the relationship between graduation and course order by semester.
Using an analysis as given in Figure 1, patterns in course choice will be compared to final
graduation. Some majors might be better predictors of graduation compared to others, and the order
of general education in relationship to those majors a good predictor as well.
Aim 7. To examine the relationship between course choice and final graduation.
The focus in this aim will be on the choice of electives, and the specific choices for general
education courses. Because there are so many different patterns of course choice, data mining tools
will be investigated once the transcripts have been clustered using text mining. The patterns will
first be explored using the technique of association. The goal of the association rules is to find
interesting associations and correlation relationships among large sets of data items where the
presence of one set of items in a transaction implies the presence of other items. Given a set of
transactions, where each transaction is a set of items, an association rule is an implication of the
form X→Y where X is the set of antecedent items and Y is the consequent item.
Innovative Aspects of Project
It is innovative in that it examines all academic aspects of a student’s record. In particular, it
examines the choice of courses from semester to semester to determine optimal paths leading to
graduation. This project investigates choices made by the students themselves. Therefore, advising
can be tailored more directly to individual students to recommend optimal paths of courses,
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particularly general education courses. It is also innovative in that it applies data mining techniques
routinely used in the retail industry to reduce “churn” and to retain customers.
A search of the ERIC database using the terms “data mining” and “institutional research”
returned a total of 6 documents.(Luan, 2002a; Luan & Willett, 2000) In a paper presented at the
Annual AIR Forum, data mining was discussed in terms of looking at “churn” but without any
examination of actual student transcripts (other than counting courses) nor with using text analysis
combined with clustering.(Luan, 2002b) Clustering without text analysis has been discussed; thus,
text analysis and association rules represent an extension of work that can enhance the use of
information routinely collected.(Luan, 2003)
Moreover, all of the research identified through ERIC uses the software, Clementine (SPSS, Inc;
Chicago, IL). SAS Enterprise Miner (SAS Institute; Cary, NC) represents a considerable
improvement in data mining. In particular, Enterprise Miner is fully integrated into SAS/Stat so that
it is possible to investigate with traditional statistical methods and data mining tools simultaneously.
Policy Relevance
Mathematics instruction remains a systemic problem.(Anonymous, 1993) Students struggle in
K-12 mathematics courses, and continue on into postsecondary education with a high percentage
requiring remedial instruction. Mathematics courses decidedly act as a gatekeeper, keeping the
number of mathematics, science, and engineers very low in comparison to other majors.
Mathematics is also a gatekeeper in secondary education, preventing many students from science
and engineering majors at the postsecondary level.(Anonymous, 1999; Stone, 1998) Attrition also
remains high.(Gainen, 1995) However, as many as half of the students who have access to
gatekeeper courses in high school still require remediation in mathematics at the postsecondary
level.(Anonymous, 2002a) In attempting to determine student characteristics that lead to success,
stepwise regression or logistic regression are usually performed.(Smith, Edminster, & Sullivan,
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2001) Moreover, in using logistic regression, the student population is regarded as segmented into
groups with each group member behaving similarly; data mining techniques allow students to be
regarded as individuals.
Such statistical methods cannot look at all student characteristics simultaneously. Also, although
it is possible to look at 2-way and 3-way interactions, they are rarely used in the statistical
model.(Anonymous, 2002a; Maxwell, 1999; Scalise, Besterfield-Sacre, Shuman, & Wolfe, 2000;
Smith, 1995) More recently, the techniques of statistical process control (SPC) have been used to
examine assessment and retention. However, SPC assumes that the quality of the product is entirely
based upon the quality of the process. In education, students must also contribute to the process of
education. Therefore, the application of SPC is not entirely appropriate.(Hargrove & Burge, 2002;
III, Garuba, & Brent, 2004; Jordan, 2002) Another novel approach is to use survival analysis to
model retention.(Chimka, 2001) Previous research on student retention has rarely included choices
of the students themselves as contributing to success, although some studies examined shifts in
student majors.(Anonymous, 1997; Turner & Bowen, 1999) Instead, the focus has been upon the
level and kind of services made available to students at the institution. Other studies have focused
on preparation in secondary education.(Anonymous, 2002b; DesJardins, Kim, & Rzonca, 2003)
Therefore, there are calls to follow students throughout their academic careers, and to examine the
optimal time for intervention to retain students.(Anonymous, 2002b)
The retail industry is also very concerned with retention of customers (called “churn”). Retail
businesses want to predict the customers most likely to disappear, or to switch brands so that they
can intervene in time to prevent the churn.(Au, Chan, & Yao, 2003; Mozer, Wolniewicz, Grimes,
Johnson, & Kaushansky, 2000; Rosset & Neumann, 2003; Yan, Wolniewicz, & Dodier, 2004) New
tools have been developed and applied to the problem of churn. These same techniques can be used
to investigate the problem of student retention. Churn models tend to identify those at highest risk
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for moving to a new provider, for example, changing ISP companies. The objective of such models
is accurate prediction. It allows the provider to intervene to prevent the churn from taking place
rather than to examine churn after it occurs. In the same way, universities are interested in
identifying this high-risk population, and intervening in some way to retain students. This can
include an examination of transfer students as well as those who do not succeed. Once at-risk
students are clearly identified through churn techniques, interventions can be initiated and examined
for retention improvements. Currently, interventions are examined without using predictive
modeling to adequately identify the at-risk students.(Khan, 1997)
The PI has worked on two main areas of research. The first is to develop applications of data
mining techniques to investigate large, complex databases.(Cerrito, 2001) The second is to research
faculty and student behavior in higher education.(Barnes, Cerrito, & Levi, 2004; Cerrito & Levi,
1999) She has numerous publications in both areas. This project will further her examination of
institutional data to find patterns and relationships in terms of behavior and outcome. At the 2004
AIR Annual Forum, she presented two papers, Data Visualization Methods for Enrollment
Management at the Department Level and Text Analysis to Examine Open-Ended Survey Questions
to Respond to Institutional Needs and Concerns.
Dissemination Plan
Locally, the results will be presented to administration officials with the intent of implementing
results. They will be presented at the Annual Meeting of the Association for Institutional Research,
and at the Educause Annual Meeting.
Audience for Project
This project is intended for use to improve student advising, and for use by administrators to
devise interventions to improve graduation and retention rates. Therefore, it has a wide audience of
university administrators, advisors, institutional researchers, and interested faculty and staff.
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Mathematics as Gatekeeper to Student Success: Investigating the Registrar’s
Database

Patricia B. Cerrito, University of Louisville
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Abstract
Typically, the Registrar has a database containing all information concerning grades,
courses, and degrees, which can be used to investigate pathways of student choices that
lead to success. It is shown that Mathematics is indeed a gatekeeper, and that there are
patterns of student performance that predict graduation outcome.
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Introduction

Many resources are used to teach remedial courses to students under-prepared for
university work, particularly in mathematics. However, student choices in terms of courses
are often not examined to see if there are specific pathways where students find greater
success compared to others. The purpose of this paper is to examine student transcripts,
including courses chosen and grade point average (gpa) in those courses to determine
which pathways are more successful compared to others.

Method

All information concerning enrollment, degrees earned, and grades received were
downloaded from the Registrar’s database from the year 2000 to the present (August,
2005). There were a total of 78,000 student records and almost 300,000 student
enrollments. Information from multiple tables was linked using the student identification
number. The study was submitted to and approved by the IRB prior to examination of the
data.

The Registrar’s database contains information on courses. The datafile that is downloaded
has an observational unit of course. Therefore, each student has multiple entries. It is
possible to change the observational unit to student. However, the question arises as to
how best to record all courses for an individual student into that one observational unit.
One way to do this is to create a text string that contains all courses of interest for any one
student, and to create a field for the average gpa for those same courses. The text string
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contains the entire student pathway through the curriculum. Once the text strings are
defined, they can be analyzed using text analysis. In particular, associations of courses
can be determined, and clusters can be defined as specific patterns of student choice.

Results

First, there is considerable difference between disciplines related to student success.
Figure 1 gives the proportion of grades by selected discipline for general education
courses. Note that economics and political science have the highest proportion of A’s
awarded followed by communication and English. Remedial Mathematics and Geography
have the lowest proportion of A’s awarded followed by History, Biology, Chemistry, and
Mathematics. Combining the proportion of W’s and F’s, the highest proportion is awarded
by Remedial Mathematics followed by Mathematics; the fewest W’s and F’s are awarded
by Communication and Political Science. The graph demonstrates that the reputation of
mathematics as a gatekeeper to success at the university is well deserved. Figure 2 gives
the grades by mathematics course.

The highest rate of success is for the course, Contemporary Mathematics, which is not an
algebra-based course, and also for the courses for teachers; the lowest is for the algebra
sequences: elementary, intermediate, college algebra, and precalculus. Therefore,
students in a position to avoid the algebra-based courses will have a higher rate of
success in the gatekeeper discipline.
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However, Figures 1-2 use course as the observational unit instead of student. In order to
examine individual performances in mathematics courses, it is necessary to examine all of
the mathematics courses attempted by an individual student. First, all enrollments for one
student are translated and then concatenated. Text strings were then defined, and clusters
of student pathways were determined (Table 1). Figure 3 gives the proportion of students
in each unit of the university by mathematics cluster.

Most business majors enroll in the College Algebra, Finite Mathematics sequence; the
majority of continuing studies students begin in the remedial courses. Figure 4 gives the
proportion of graduates to mathematics cluster.

Of the 1009 engineering majors beginning at the general education level (precalculus and
below), only 8 completed a degree in the same time frame. The results suggest that
students who do not score in the ACT test as ready for calculus should be discouraged
from declaring an Engineering major. Similarly, while the College Algebra and Finite
Mathematics account for 59% of enrollments from the School of Business, the same
cluster accounts for 76% of degrees. All continuing studies must transfer to a different unit
in order to graduate so none of those enrolled are included in the degree list.

There are several clusters that contain Contemporary Mathematics; all but one also
includes remedial mathematics. The primary units include Arts & Sciences, Education,
Social Work, and Music; disciplines that do not focus on mathematics. In cluster 2 without
remedial mathematics, enrollment is at 18%, 27%, 22%, and 34% respectively. However,
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that same cluster accounts for 25%, 38%, 38%, and 34%. It shows that the likelihood of
graduation is less (except for music) when students begin at the remedial level.

Students sometimes repeat the same course to improve the final grade, and so to advance.
Therefore, the average grade on a 4-point scale was computed for each individual student.
Figure 5 gives a kernel density estimation of grade point average by cluster. There are two
readily identifiable trends in Figure 5. Contemporary Mathematics, College Algebra and
Finite Mathematics, Elementary Statistics, and Mathematics for Teachers have increasing
probability from left to right toward the higher grade point averages. Remedial mathematics
has decreasing probability toward the higher grade averages. Figure 6 gives the probability
distributions restricted to students who have completed degrees.

The distributions for those clusters that had increasing probability of higher grade points
remain similar, indicating that those who graduate have similar probability compared to all
students enrolled in those mathematics clusters. However, graduates beginning in the
remedial groups have a peak probability of a C-average grade point in mathematics.
Contrast Figure 6 with the distributions in Figure 7 of students who have not completed a
degree.

By comparing Figures 6 and 7, it is clear that students in remedial courses who average
less than a 2.0 have a high probability of not graduating. Most students who enroll in
remedial courses have a low grade point average, indicating that the prognosis of remedial
students is poor.
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Both grade average and mathematics cluster were used to predict graduation outcomes.
Predictive modeling in as a data mining procedure was used to investigate the relationship
between student pathways and graduation success. To validate the results, the data were
partitioned into training, validation, and testing sets. For logistic regression, the
misclassification rate for the testing set was 19% indicating that the model can predict
more than 80% of student outcomes correctly (Figure 8). The same misclassification rate
holds for both the testing and validation set. Figure 9 gives the corresponding decision tree
to predict outcomes. Three input variables were used in the model: enrollment college,
mathematics cluster, and mathematics grade point average.

A white block in Figure 9 indicates the prediction of successful graduation; the darker the
block, the less likely the graduation. Note that those in education can succeed with a grade
point average of 1.75 or above in the remedial track; those in business require 2.45 or
above in the College Algebra track. An F performance in the College Algebra track
indicates non-graduation. SAS Enterprise Miner also prints English Rules corresponding to
Figure 9 above. Some of the rules are provided below:
IF GRADE_recoded_Mean < 0.3666666667
AND Classes IS ONE OF: COLLEGE ALGEBRA, FINITE MATHEMAT
CONTEMPORARY MATHEMATICS CONTEMPORARY MATHEMATICS,
REMEDI
ELEMENTARY STATISTICS, CONTEMPOR ELEMENTARY STATISTICS,
ELEMENTAR
MATHEMATICS FOR TEACHERS, ELEMEN REMEDIAL, FINITE
MATHEMATICS, CO
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THEN
NO DEGRE: 91.0%
DEGREE :

9.0%

IF Classes EQUALS REMEDIAL, CONTEMPORARY MATHEMATI
THEN
NO DEGRE: 98.2%
DEGREE :

1.8%

IF Major IS ONE OF: BUSINESS ARTS & SCIENCES SPEED NURSING
CONTIN. STUDIES
AND Classes EQUALS TRIGONOMETRY, PRECALCULUS, ELEME
THEN
NO DEGRE: 90.2%
DEGREE :

9.8%

IF Classes IS ONE OF: ELEMENTARY STATISTICS, CONTEMPOR
ELEMENTARY STATISTICS, ELEMENTAR
AND Major IS ONE OF: EDUCATION MEDICINE DENTISTRY ALLIED HEALTH
LAW - DAY KENT
AND 0.3666666667 <= GRADE_recoded_Mean
THEN
NO DEGRE: 28.8%
DEGREE : 71.2%
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IF GRADE_recoded_Mean <

1.75

AND Major IS ONE OF: EDUCATION MUSIC
AND Classes EQUALS TRIGONOMETRY, PRECALCULUS, ELEME
THEN
NO DEGRE: 76.9%
DEGREE : 23.1%

IF

1.75 <= GRADE_recoded_Mean

AND Major IS ONE OF: EDUCATION MUSIC
AND Classes EQUALS TRIGONOMETRY, PRECALCULUS, ELEME
THEN
NO DEGRE: 44.3%
DEGREE : 55.7%

At some values, such as when the grade point average is less than 0.367, the likelihood of
graduation is extremely small. Similarly, if the cluster is remedial and Contemporary
Mathematics, then the non-degree is approximately 98% of the group. However, for
another track, the degree rate climbs to 56%.

The score rankings graph (Figure 10) also indicates that there are some individuals that
can be predicted with greater confidence compared to other individuals. It is these
students who can be identified quickly, and intervention provided to reduce the likelihood
of failure.
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For a binary target, all observations in the scored data set are sorted by the posterior
probabilities of the event level in descending order. Then the sorted observations are
grouped into deciles where observations in a decile are used to calculate the statistics.
The x-axis of a score rankings chart displays the deciles (groups) of the observations. The
y-axis displays the cumulative % response. For this example, responders are identified as
non-degree. Observations with a posterior probability of non-degree greater than or equal
to 0.5 are classified as responders. Note the decreasing level across the deciles. The
students most at risk for non-degree can be predicted early in their academic careers
based upon their performance in mathematics courses.

Discussion

There is a strong relationship between performance in mathematics courses and final
success in graduation. The relationship depends upon choice of major as well as choice of
mathematics course. This information can be used to advise students to shift majors if their
mathematics performance is inadequate to success in the current choice of major. If the
performance in mathematics is too low, the likelihood of graduation is almost non-existent,
and this should be taken into consideration when discussing future student choices.
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Table 1. Clusters of Student Pathways Through General Education Mathematics
Classes
College Algebra, Finite Mathematics
Elementary Statistics, Elementary Calculus, Precalculus, Mathematics for Teachers, Remedial
Trigonometry, Precalculus, Elementary Statistics, College Algebra, Elementary Calculus
Remedial, Contemporary Mathematics
Elementary Statistics, Contemporary Mathematics, Intermediate Algebra, Elementary Calculus,
Remedial
Contemporary Mathematics
Mathematics for Teachers, Elementary Statistics, Remedial
Remedial, Finite Mathematics, College Algebra, Intermediate Algebra
Contemporary Mathematics, Remedial, Intermediate Algebra, College Algebra
Remedial, Contemporary Mathematics, College Algebra
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Figure 1. Grades Assigned by Department in All Courses
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Figure 2. Grades Assigned in General Education Mathematics Courses
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Figure 3. Student Pathways Through General Education Mathematics
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Figure 4. Graduation Rates by Mathematics Pathway
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Figure 5. Kernel Density Estimation of Mathematics Grade Point Average by
Pathway
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Figure 6. Grade Point Average by Student Pathway for Students Completing
Degrees
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Figure 7. Grade Point Average by Student Pathway Without Completing Degree
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Figure 8. Fit Statistics for Logistic Regression Showing Misclassification Rate
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Figure 9. Decision Tree for Prediction of Graduation
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Figure 10. Lift Chart Indicating that the Upper 50% of Students Can be Predicted
Fairly Accurately
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