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ABSTRACT 

PAUL BURTON INGRAM 

A POL YCHOTOMOUS, MULTIVARIATE REGRESSION MODEL PREDICTING 
PERFORMANCE LEVEL IN A CORE MATHEMATICS COURSE 

DECEMBER 2008 

Enrolling students in a mathematics course commensurate with their performance 

ability is of great importance to mathematics departments at all institutions of higher 

learning. This research will utilize pre-existing historical data from Texas Woman's 

University containing readily available and easily measured factors , which most 

institutions of higher learning will have available, to develop a predictive model that can 

be used to place a student in an appropriate mathematics course. Multiple logistic 

regression and ordinal logistic regression methods are used to construct dichotomous and 

polychotomous models predicting performance level in Elementary Statistics and 

Elementary Analysis. External validation will be conducted on different data sets than 

those used in model construction to evaluate how accurately the models predict 

performance. Both dichotomous and polychotomous models were found to have 

performed well, predicting within four percent for Elementary Statistics and within ten 

percent for Elementary Analysis. 

IV 



TABLE OF CONTENTS 

Page 

ACKNOWLEDGEMENTS ............................................................................ iii 

ABSTRACT .................................................................................................... iv 

LIST OF TABLES ......................................................................................... vii 

Chapter 

I. INTRODUCTION ........................................................................................... 1 

II. LITERATURE REVIEW ................................................................................. 4 

III. DATA EXPLORATION .................................................................................. 8 

IV. CONCEPTUAL IDEA UNDERLYING PREDICTIVE MODELS ............. 21 

Dichotomous Logistic Regression ................................................................. 21 
Polychotomous Logistic Regression .............................................................. 26 

V. DEVELOPMENT OF PREDICTIVE MODELS .......................................... 35 

Dichotomous Logistic Regression Models .................................................... 3 5 
Model for Elementary Statistics Math 1 703 ............................................ 3 5 
Model for Elementary Analysis Math 1303 ............................................. 38 

Polychotomous Ordinal Logistic Regression Models .................................... 40 
Model for Elementary Statistics Math 1703 ............................................ 40 
Model for Elementary Analysis Math 1303 ............................................. 44 

VI. ASSESSMENT OF LOGISTIC REGRESSION MODELS ......................... 47 

Assessing Dichotomous Logistic Models ...................................................... 4 7 
External Validation for Elementary Statistics Math 1703 ....................... 4 7 
External Validation for Elementary Analysis Math 1303 ........................ 48 

Assessing Polychotomous Ordinal Logistic Models ..................................... 49 
External Validation for Elementary Statistics Math 1703 ....................... 49 
External Validation for Elementary Analysis Math 1303 ........................ 51 

V 



VII. CONCLUSION .............................................................................................. 53 

Results ............................................................................................................ 53 
Future Research .............................................................................................. 56 

REFERENCES ............................................................................................... 58 

APPENDICES 

A. List of Independent Variables .................................................................. 61 

B. SAS Code ................................................................................................. 63 

Vl 



LIST OF TABLES 

Table Page 

3 .1 Frequency comparison of 2003 and 2004 TWU undergraduate 
student populations ........................................................................................ 10 

3 .2 Frequency comparison of Elementary Statistics and College Algebra 
samples and the undergraduate student population ........................................ 11 

3.3 Frequency of grades in Elementary Statistics and College Algebra .............. 14 

3 .4 Frequency of performance in Elementary Statistics and College 
Algebra ........................................................................................................... 15 

3.5 Missing values of SAT_ACT for Math 1703 Fall 2003 ................................ 18 

3.6 Missing values of SAT_ACT for Math 1303 Fall 2003 ................................ 18 

3. 7 Correlation of grade with GPA ...................................................................... 19 

3.8 Correlation of grade with number of hours taken in the semester ................. 20 

5 .1 Coefficient estimates for the dichotomous model of 
Elementary Statistics ...................................................................................... 36 

5 .2 Odds ratios for the dichotomous model of Elementary Statistics .................. 3 7 

5 .3 Hosmer and Lemeshow goodness-of-fit test for the dichotomous 
model of Math 1703 ....................................................................................... 3 8 

5 .4 Coefficient estimates for the dichotomous model of 
Elementary Analysis ...................................................................................... 3 8 

5.5 Odds ratios for the dichotomous model of Elementary Analysis .................. 39 

5.6 Hosmer and Lemeshow goodness-of-fit test for the dichotomous 

model of Math 1303 ....................................................................................... 39 

Vll 

.. 



5. 7 Proportional odds test for the polychotomous model of 
Elementary Statistics ...................................................................................... 41 

5.8 Coefficient estimates for the polychotomous model of 
Elementary Statistics ...................................................................................... 42 

5.9 Odds ratios for the polychotomous model of Elementary Statistics .............. 43 

5.10 Model fit tests for the polychotomous model of Math 1703 .......................... 43 

5 .11 Proportional odds test for the polychotomous model of 
Elementary Analysis ...................................................................................... 44 

5.12 Coefficient estimates for the polychotomous model of 
Elementary Analysis ...................................................................................... 45 

5 .13 Odds ratios for the polychotomous model of Elementary Analysis .............. 46 

5.14 Model fit tests for the polychotomous model of Math 1303 .......................... 46 

6.1 Cross-validation prediction results for the dichotomous logistic model 
predicting success in Elementary Statistics ................................................... 48 

6.2 Cross-validation prediction results for the dichotomous logistic model 
predicting success in Elementary Analysis .................................................... 49 

6.3 · Cross-validation prediction results for the polychotomous ordinal logistic 
model predicting performance in Elementary Statistics ................................ 50 

6.4 Cross-validation prediction results for the polychotomous ordinal logistic 
model predicting performance in Elementary Analysis ................................. 52 

7.1 Grade distribution for Math 1303 Fall 2003 .................................................. 54 

7.2 Grade distribution for Math 1303 Fall 2004 .................................................. 54 

7.3 Grade distribution for Math 1703 Fall 2003 .................................................. 55 

7.4 Grade distribution for Math 1703 Fall 2004 .................................................. 56 

vm 
... 



CHAPTER! 

INTRODUCTION 

Enrolling students in a mathematics course commensurate with their performance 

ability greatly enhances their chance for success in obtaining a degree. For instance, 

success in a mathematics class, especially for the students that are not mathematically 

inclined, builds self-confidence, which can lead to better performance in other courses 

(Perkhounkova, Noble, and Sawyer 2005, 19). However, performance in a mathematics 

course can be difficult to predict since a variety of factors may influence a student's 

chance of success in math. For institutions of higher learning, easily measured and 

obtainable factors include ethnicity, age, and cumulative grade point average (GPA), 

among many others. There are also factors that may be difficult to measure, such as 

motivation, study habits, un-mandated placement tests, and extracurricular activities, 

since they require voluntary participation from the students in the form of filling out 

some sort of survey or testing instrument. This research will utilize pre-existing 

historical data from Texas Woman's University (TWU) containing readily available and 

easily measured factors or variables, which most institutions of higher learning will have 

available, to develop a predictive model that can be used to place a student in an 

appropriate mathematics course. 

Texas Woman's University, founded in 1901, is the largest university primarily 

for women in the United States (TWU Factbook 2007). TWU's main campus is in 
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Denton, Texas with two other health science campuses located in Dallas and 

Houston. There are four major academic divisions at TWU: The College of Arts and 

Sciences, the College of Professional Education, the College of Health Sciences, and the 

College of Nursing. The university has an enrollment of more than 12,000 students, 6100 

of which are undergraduates attending classes at the Denton campus. The population of 

undergraduates is approximately 95% female and 5% male. The undergraduates at TWU 

are approximately 25% freshmen, 21 % sophomores, 23% juniors, and 29% seniors. 

TWU serves a very diverse student population. According to U.S. News and World 

Report magazine, TWU ranks third in the state and 29th in the nation among national 

universities with the most diverse student populations (TWU Factbook 2007). For 

instance, the typical ethnic make-up of the TWU population is approximately 59% 

Caucasian, 21 % African American, 12% Hispanic, and 8% other ethnic minorities. 

TWU's College of Nursing is one of the largest in the United States and is among the 

leading providers of healthcare professionals in the nation. Interestingly, one of the 

prerequisite courses for admittance to the College of Nursing involves a course offered 

through the Mathematics and Computer Science Department: Elementary Statistics. As a 

result, proper placement in this mathematics course is of paramount importance. In 

addition, science-related programs require successful completion of Elementary Analysis 

(College Algebra). Proper placement in this course is equally important. In this regard, a 

need exists for a tool that is readily available and can accurately predict performance 

levels in these classes. 
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It is very common to place a student in a mathematics class conditional on a 

single placement test score. However, it is quite possible, and likely, that performance 

may not be sufficiently explained by a single variable or factor such as one placement test 

score. There may be other factors, along with the test score, that can give a more 

accurate indication of a student's potential success. Although readily available individual 

factors, such as age, GP A, and ethnicity, might be useful to advise students to take a 

certain mathematics class, a prediction model utilizing all those factors, which includes 

interpretations to the degree these factors influence a students performance, may not be. 

Thus, we will identify the variables that have the most influence on a student's 

performance in certain math classes at TWU, while giving insight to the level of success 

we can expect the student to achieve. 

In Chapter II, we will review the literature on predictive modeling using higher 

education data with regard to student success in a mathematics course. We will also 

review literature discussing different modeling techniques. Chapter III will detail our 

exploratory analysis of the data. In Chapter IV, we give a mathematical foundation of 

our prediction model. In Chapter V, we will construct the dichotomous and 

polychotomous, multivariate prediction models and discuss the diagnostic techniques 

used to validate our models. In Chapter VI, we will test the predictive ability of our 

models on student performance in their respective mathematics courses using a separate 

set of students not used in the model building process. Finally, Chapter VII provides our 

conclusions and a discussion of possible future research. 
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CHAPTER II 

LITERATURE REVIEW 

To be able to predict success in a mathematics course· at any higher education 

institution requires two fundamental components: student information data and a 

mathematical model or measure for prediction. In this chapter, we will review the 

various uses of student information data and types of predictive modeling used in higher 

education institutions. 

At TWU the current student information data that is used to predict or more 

appropriately place a student in a mathematics course involves a single placement exam. 

This mathematical measure involves certain cut-off scores. Interestingly, a study by Eva 

Zamirski (2006) used a chi-square analysis to test the relationship between placement 

test scores and performance in College Algebra, finding that there is a statistically 

significant correlation between meeting the minimum required score on the departmental 

placement test and successfully completing College Algebra. From her study we expect 

that the departmental placement exam should be a significant predictor of success. 

However, some students may be exempt from taking a placement exam, which may 

preclude it from being used in a predictive model because that data may not be available 

for most of the students the department advises. For example, students at TWU are 

exempt from the placement tests if they have one of the following scores: 550 or 
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higher on the SAT math; 22 or higher on the ACT math; 270 or greater on THEA math; 

and 63 or higher on Accuplacer ( college algebra). Students are also exempt if they 

obtained a grade of "C" or higher on a college-level math course (TWU AAC 2008). 

Other types of student information may be helpful, in addition to the previously 

mentioned departmental exam, to predict a student's success in a mathematics course. 

For example, previous research has shown that high school grade point averages are 

better predictors of success in college courses than standardized test scores (Abdel

Salam, Kauffman, and Williamson 2005; Stem and Pavelchek 2006). In addition, the 

literature suggests that a student's grade in his or her last mathematics course may be 

useful in predicting success ( Belcheir 2002). In yet another example, Krock and 

Lending (2003) found that effort or motivation, measured as early homework assignment 

completion, was a significant predictor of successful completion of a freshman level 

information systems course. 

In dealing with higher education data, however, a majority of the literature is 

concerned with predicting retention, recruitment, and predicting newly enrolled. For 

example, Kathleen Morley (2000) used admission data such as SAT score to predict 

newly enrolled students. In addition, Alexander Astin (1997) found that sex and race 

were significant predictors of retention rate. In yet another example, high school 

percentile rank was used in an analysis of telemarketing in recruitment (Sedwick et al. 

2001 ). Also of interest is the types of modeling that can be found for the various uses of 

higher education data. 
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Logistic regression is often used when a variable is dichotomous, i.e. success or 

failure. For instance, enrollment prediction is quite frequently modeled utilizing logistic 

regression (Ahluwalia 2006; Goenner and Pauls 2006; Morley 2000). Predicting 

retention rates in institutes of higher education is another example of the use of logistic 

regression models with a dichotomous variable (Astin 1997). Yet another example is 

predicting success in college where the outcome is completion versus non-completion of 

a bachelor's degree (Geiser and Santelices 2007; Trusty and Niles 2003). In addition, 

logistic regression has been used to model success in particular courses (Belcheir 2002; 

Perkhounkova, Noble, and Sawyer 2005). There are variables, however, that may not be 

dichotomous in nature. 

Logistic regression models can also be used to predict a variable with three or 

more categories (known as polychotomous). For instance, "the variable 'type of service 

use' is an outcome variable that is often measured in health services research. Types of 

health services utilization can include medical provider visit, hospital outpatient visit, 

emergency room visit, hospital inpatient stay, and home health care visit" (Bedeker 

2003). Researchers in the medical sciences also make extensive use of polychotomous 

logistic regression modeling when assessing risk of disease (Dubin and Pasternack 1986; 

Lawrence et al. 2006; O'Shea et al. 1999). Social science is yet another field of research 

in which this statistical analysis is performed. For instance, Koivusilta, Arja, and Andres 

(2003) utilized polychotomous logistic regression analysis to assess the associations 

between health behaviors and health in adolescence and attained educational level in 

adulthood. Another example from the social sciences is assessing the relationship 
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between perceived life satisfaction and substance abuse in adolescents (Zullig et al. 

2001 ). While there is a large body of research utilizing polychotomous logistic 

regression, we found no studies predicting performance in mathematics courses that 

utilize this modeling technique. 

In this study, we will develop and compare the results of a polychotomous logistic 

regression and a logistic regression model with a dichotomous variable on performance in 

a core mathematics course. Use of a polychotomous instead of a dichotomous logistic 

model may be advantageous for advising purposes. For example, advising is tailored to 

each individual student's needs, so a more concisely categorized variable may give 

greater insight to the level of success a student can expect to achieve. Still, any model 

needs viable data in a usable form and in the next chapter, we discuss the higher 

education data we will have available to construct these models. 
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CHAPTER III 

DATA EXPLORATION 

Building a viable model entails an involved process, which required us to write 

extensive programming using SAS. We dedicated a significant portion of the model 

building process to exploratory analysis of the data in order to construct viable data sets 

for building the predictive model and then testing the predictive accuracy of the model. 

Exploratory analysis consists of subsetting, merging, creating new variables, and 

cleansing the data. Cleansing involves deleting or replacing erroneous values that may 

have been inadvertently entered, ie. an ampersand instead of a 7 or a b for gender rather 

than the M the software is expecting. Missing values also had to be discovered and a 

solution determined, since standard statistical software procedures used to build models 

will not include observations that contain missing values. In general, this chapter will 

outline the results of our data analysis, which set the stage for obtaining viable predictive 

models for both Elementary Statistics and Elementary Analysis. 

In this analysis, we are concerned with students who take Elementary Statistics 

courses and Elementary Analysis courses. For any specific year and semester, we have a 

finite number of individuals who take either course. In general, for any given semester 

and year we will let n
s 

represent the number of students taking an Elementary Statistics 

course and we let P
s 

= { 1, 2, ... , ns} represent the indices of units for that set of students. 
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Similarly, we will let na represent the number of students talcing an Elementary Analysis

course, in any given semester and year, and we let Pa = { 1, 2, ... , na} represent the indices

of units for that set of students. Our exploratory analysis focused on ns = 296 Elementary

Statistics students as well as na = 94 Elementary Analysis students from the fall semester

of 2003. The data coming from these individuals from Fall 2003 is referred to as a 

training data set. A training data set, which consists of observations from individuals

containing variables such as grade, grade point average (GPA), age, etc., is utilized for 

developing a model. The validation, or testing, sets, which must have the same 

construction and contain the same variables as the training sets, are used to test the 

models for predictive accuracy. There are two methods of cross-validation, one of which 

consists of partitioning a single data set into two separate sets. Rather than decreasing the 

size of our training data sets, we chose to use separate sets from different a year for 

testing, which is known as external validation. Without loss of generality, we will

henceforth refer to the sets P a  or P s  as simply P and the total number of individuals, ns or

na, as simply n. 

Since we are performing external validation, it is important to verify that the 

diversity of the population at TWU varies only slightly from year to year. In observing 

historical data obtained from the TWU Factbook, we see that table 3.1 verifies that there 

is very little variation in the population from year to year. For instance, the largest 

percent change from 2003 to 2004 is 1 7 .2% in the Hispanic population. In fact, seven out 

of ten of the categories compared changed less than 6% from 2003 to 2004. 
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Table 3.1. Frequency comparison of 2003 and 2004 TWU undergraduate student 

populations 

2003 2004 Percent 
Population Population Change 
Percenta e Percenta e 

Female 94.8% 94.5% -.31% 

Male 5.2% 5.5% 5.8% 

Freshman 24.9% 22.4% -10%

Sophomore 20.4% 20.5% .49% 

Junior 22.8% 23.6% 3.5% 

Senior 29.4% 30.8% 4.8% 

Caucasian 59.2% 57.6% 2.7% 

African 21.2% 21.5% 1.4% 
American 

Hispanic 
11.6% 13.6% 17.2% 

Other Ethnic 8% 7.3% -8.8%
Minorities 

It is equally important to verify that the samples used for diagnostic purposes are 

representative of the population from which they were drawn since we will use the model 

constructed from a subset of 2003 data to predict the outcome for a student in a 

corresponding subset of 2004. Our samples, which consisted of all students that 

completed Elementary Statistics and Elementary Analysis in Fall 2003, were drawn from 

the undergraduate population ofTWU. Utilizing the Frequency Procedure in SAS, we 

performed a frequency count to compare the gender, class, and ethnicity percentages of 
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our samples with those of the population. Table 3.2 shows that in most of the categories, 

our samples are within 3 5% of the population except for freshmen and seniors. In fact, 

there was a 105% difference between the freshman population and freshmen enrolled in 

Algebra. Similarly, there was an 85% difference between the senior population and 

seniors enrolled in Algebra. This, however, was not unexpected as most students enroll 

in core mathematics courses early in their college career. 

Table 3.2. Frequency comparison of Elementary Statistics and College Algebra 

samples and the undergraduate student popul�tion 

2003 2003 2003 
Population Statistics Sample Algebra Sample 
Percenta e Percenta e Percenta e 

Female 94.8% 96.3% 93.6% 

Male 5.2% 3.7% 6.4% 

Freshman 24.9% 34.5% 51.1% 

Sophomore 20.4% 22.6% 13.8% 

Junior 22.8% 36.5% 30.9% 

Senior 29.4% 6.4% 4.3% 

Caucasian 59.2% 53.4% 56.4% 

African 21.2% 21.3% 21.3% 
American 

Hispanic 
11.6% 12.1% 17% 

Other Ethnic 8% 13.2% 5.3% 
Minorities 
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Although we do not have a random sample, it is comforting to know that we will 

construct our models using samples that not only are representative of the population of 

Fall 2003, but also of Fall 2004. 

In dealing with data in general, we must be aware of the variable we are interested 

in modeling or predicting. This variable is called the dependent variable. For each 

individual k E P, the variable we will model is his or her performance in either 

Elementary Statistics or Elementary Analysis. The simplest approach to specify the 

dependent variable is to categorize it as a dichotomous variable, i.e. pass, or fail. In this 

instance, we defined the dependent variable as 

{
1 , Student makes a C or above 

Yk = 0 , Student makes below a C
(3.1) 

Since many majors will not accept a Din a core course, we chose to use C as the cutoff 

score for passing the course. Since the dependent variable in equation 1 defines success 

as Yk = 1 and failure as Yk = 0, the total number of individuals from the set P who achieve 

success is 

T= L Yk· (3.2) 
keP 

A more sophisticated specification of success as the dependent variable will 

involve creating more than two categorical levels, which is referred to as a 

polychotomous variable. Using a polychotomous specification of success may be more 
12 



appropriate for advising purposes. For instance, students interested in maintaining a high 

GP A might prefer to ascertain their predicted letter grade as opposed to simply a C or 

better. In addition, if the mathematics course in question is a prerequisite for future 

coursework, an advisor may want to obtain a better approximation of content mastery 

than that afforded by a dichotomous variable. Suppose there are j = 1, 2, .... , J 

categories, where J > 2. In this case, an individual k E P can be placed into any one of 

the J categories. Accordingly, the dependent variable may be defined as 

A, Student makes an A 

B, Student makes an B 

Yk = C, Student makes an C .

D, Student makes an D 

F, Student makes an F 

Considering the size of our samples, we obtained a frequency count of grade (Table 3.3) 

on each of our training data sets in order to ascertain whether a five-category response 

variable would be viable for modeling. 
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Table 3.3. Frequency of grades in Elementary Statistics and College Algebra 

Grade 

A 

B 

C 

D 

F 

Total 

Statistics 

Frequency 

159 

69 

37 

10 

21 

296 

Algebra 

Frequency 

15 

23 

13 

28 

15 

94 

From Table 3.3, we discovered that some of the grades had relatively few observations. 

For example, the grade Din Elementary Statistics had only ten observations. In addition, 

the grade C in College Algebra had only 13 observations. If there are few observations in 

our response variable, we will have less information, such as GPA, ethnicity, age, etc., 

with which to train our model. As a result, we decided to collapse our response variable 

to three categories and defined it as 

l
{l)above_avg , Student makes an A or B 

y k = ( 2) average , Student makes a C 
( 3) below_ avg , Student makes a D or F

(3.3) 
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Given this new polychotomous specification of the dependent variable in (3.3), we can 

see from table 3 .4 that the lowest frequency of observations in either category for 

Statistics is 31. The increased number of observations provides more information with 

which to train the model. In contrast, table 3 .4 also reveals that we still have one 

category in Algebra (Average = 13) with few observations. In this regard, we may expect 

to obtain a less accurate model for Algebra than for Statistics due to the lack of 

information available to the average category of the response variable. 

Table 3.4. Frequency of performance in Elementary Statistics and College Algebra 

Performance Statistics Algebra 

Frequency Frequency 

Above 228 38 

Average 

Average 37 13 

Below 31 43 

Average 

Total 296 94 

For model building, a critical component of exploratory analysis involves creating 

variables and checking existing variables that may influence the outcome of the 

dependent variable. For example, we might expect that individuals with a high GP A will 

not fail their statistics or algebra course and quite possibly make a grade comparable to 
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their existing GP A. These types of variables or factors that may influence performance 

and may help explain the dependent variable are generally referred to as independent 

variables. Using notation, we associated for each individual k e P a set of p independent 

variables 

(3.4) 

to explainyk. In the process of external validation, only the variables in equation (3.4) 

are utilized to predict a known response variable since the outcome of the response 

variable Yk at the time of prediction will have yet to be determined. For example, when 

advising a student to take a math class, he or she will not have a realized value for Yk ,  but 

will have the variable values from (3.4). What follows are the important steps and 

findings from our exploratory analysis. 

An important step in any statistical study is to cleanse the data. For example, 

there might be a "b" for gender rather than the "M" the software is expecting. However, 

our data sets did not contain any erroneous values of this sort. Data very rarely comes in 

one complete set. Therefore, it is usually necessary to merge two or more data sets, each 

containing some of the variables specified in (3.4), in order to obtain a single viable data 

set. Most software packages will only merge data sets that have been sorted by the same 

variable, thus it is necessary to have a unique identifier associated with each individual in 

the data set. Thus, the cleansing we performed was the removal of observations that were 

missing identification (id _paul), the unique identifier we used to sort and merge the 
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different data sets. We also removed any student that was not a freshman, sophomore, 

junior, or senior, since our analysis was limited to undergraduate students. In addition, 

we had to remove all repeated observations. 

For model building it is also important that variables, independent or dependent, 

are well-occupied, meaning that there are few missing values. Having data that is well

occupied is important because SAS or any other statistical software will not include 

observations with missing values in the building process. In this regard, for the 

dependent variable, those students who did not complete the course and had missing 

performance scores were not included in the training data set. Similarly, each 

independent variable in the set defined by equation (3.4) must also be well occupied and 

in a usable form. For example, Zamirski (2006) showed that the independent variable, 

placement test score, is a good predictor or explanatory variable for student success in 

Algebra, but this variable is less than 25% occupied in our training data set. Thus, 

placement test scores are considered unusable for predictive modeling. However, 

variables, such as GPA, total hours, ethnicity, etc., are well occupied and readily 

available at TWU and at most universities. Even though some independent variables 

alone are not well occupied, an astute programmer may be able to extract information 

from these variables by creating a new variable. For example, entrance exams such as the 

ACT or the SAT may not be well occupied individually, but generally entering students 

will have taken at least one of those exams. Accordingly, we can take either test and 

create a single variable which indicates a high, medium, low, or very low score from 

either entrance exam they took. In this regard, utilizing the national median (480, 21), 

17 



first quartile ( 430, 18), and third quartile (560, 22) scores of the math SAT and the math 

ACT, respectively, as cut-off scores, we constructed another variable combining both 

scores. This variable, SAT_ACT, was dummy coded as 0 (< 430 or 18), 1 (between 430 

and 480 or 18 and 21), 2 (between 480 and 560 or 21 and 22), and 3 (> 560 or 22). Even 

then, there were still many missing values, as can be seen in tables 3.5 and 3.6. 

Table 3.5. Missing values of SAT_ ACT for Math 1703 Fall 2003 

Cumulative Cumulative 
sat act Frequency Percent Frequency Percent 

0 47 29.75 47 29.75 

1 37 23.42 84 53.16 

2 44 27.85 128 81.01 

3 30 18.99 158 100.00 

Frequency Missing = 138 

Table 3.6. Missing values of SAT_ ACT for Math 1303 Fall 2003 

Cumulative Cumulative 
sat act Frequency Percent Frequency Percent 

0 18 25.00 18 25.00 

1 13 18.06 31 43.06 

2 21 29.17 52 72.22 

3 20 27.78 72 100.00 

Frequency Missing= 22 
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In order to compensate for this anomaly, we dummy coded SAT_ ACT to include the 

missing values using 0 for the missing test score. This coding allowed us to include these 

test scores in the model building process without losing the information those 

observations with missing values might provide. As yet another example, we recoded 

some continuous variables into categorical variables in order to increase the number of 

observations in a category, thus possibly enhancing their viability as predictors. For 

instance, we dummy coded age into the discrete groups, using the value of less than 

twenty years of age (0), between twenty and thirty years of age ( 1 ), between thirty and 

forty (2), and over forty (3). We also discovered through the correlation procedure in 

SAS (Table 3.7) that the continuous variable GPA was only slightly correlated with grade 

(r = .23). As a result, we decided to categorize GPA as 0 (< 1.00), 1 (between 1.00 and 

2.00), 2 (between 2.00 and 3.00), 3 (between 3.00 and 4.00), and 4 (= 4.00). This was 

done so that we would have the added information that well-occupied categories might 

provide. 

Table 3.7. Correlation of grade with GPA 

Pearson Correlation Coefficients, N = 296 
Prob > lrl under HO: Rho=O 

CUM_GPA 

grade 0.22993 
<.0001 
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In addition, we discovered that the number of hours a student was enrolled in during the 

relevant semester was slightly correlated to grade (r = .21 ), which led us to include 

semester hours as a potential variable in the model building process (Table 3.8). 

Table 3.8. Correlation of grade with number of hours taken in the semester 

Pearson Correlation Coefficients, N = 296 
Prob > lrl under HO: Rho=O 

totalug_ hrs 

grade 0.20949 
0.0003 

Yet another important step in creating some potentially useful independent or 

explanatory variables involves researching a sufficient amount of literature from previous 

studies, which may suggest potential variables that could help predict our dependent 

variable. In this regard, we discovered through research of previous studies that 

academic preparation in mathematics might be a predictor of success in a future 

mathematics course (Belcheir 2002). As a result, we created the variable for math 

experience (mathexp) based on previous mathematics courses taken at TWU. We refer 

the reader to Appendix A for a complete list of the variables used in the building process 

and their coding. Having constructed our training and validation sets, we will proceed to 

build our models. In the following chapter, we will describe the conceptual idea behind 

our predictive models. 
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CHAPTER IV 

CONCEPTUAL IDEA UNDERLYING PREDICTIVE MODELS 

Dichotomous Logistic Regression 

In chapter III we discussed the various independent variables we encountered or 

made from our data sets. In this chapter, we will discuss the mathematical models we can 

use that will associate the independent variables in xk to the responses of the dependent 

variables we specified in equations (3.1) and (3.3). 

For each k e P we associate a probability, Bk , thatyk = l where O �Bk � l. This, 

in turn, implies that 1-Bk is the probability that Yk = 0. Since for each k e P there are· 

only two outcomes of the dependent variable (3.1), Yk can be modeled as a Bernoulli 

random variable with the corresponding distribution 

(4.1) 

E ( ·) represents the expected value. Assuming we have independent Bernoulli trials, the 

likelihood function is 

n 

/(YIO)= fl(Bk )1* (l-Bk )1-yk (4.2) 
k=l 
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where Y = [yi ,y2, ···,Yn l' is an n x 1 vector of responses and 0 = [Bi, Bi, ... ,0nl' is an n 

x 1 vector of probabilities associated with the elements of Y. 

How do the independent variables specified in equation (3.4) relate to Yk? For 

each k E P, we could associate the elements of xk to 0k through the equation 

where Po, p1 , • • •  , Pp denote unknown coefficient values. Yet, extreme values from the 

elements in xk in the above equation might give values that violate the range of 0k . With 

this in mind note that the odds 

odds=.!!L,
I-0k 

(4.3) 

have a range from ( 0, oo) . Moreover, the log of odds, denoted as In( odds), has a range 

from (-oo, oo). Accordingly, for each k E P, we can construct a model that will connect 

the characteristic xk , regardless of extreme values from the elements in xk, to In( odds) 

using the following equation 

(4.4) 
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where p = [P0, p1, • . •  ,/Jpl' is an (p + 1) x 1 vector of unknown coefficient values. 

Equation ( 4.4), which models the log of odds, is referred to as the logit function or

dichotomous logistic regression equation. From equation ( 4.4), note that there exists a

relationship with 0k and p, which will be made more explicit later. A typical technique

used to estimate the unknown coefficient values in p involves finding values of the

elements of p which maximize the log-likelihood function:

ln[f(YIO)]= L {Yk ln[0k]+(l-yk)In[l-0k]} 
k=l 

Notice that the log-likelihood function above is the natural log of the likelihood function 

specified by equation ( 4.2). This process of estimating the unknown coefficients by 

maximizing the log-likelihood function is commonly referred to as maximum likelihood 

estimation (MLE). In this paper the MLE' s of the elements of p will be determined using 

SAS software. For a detailed discussion on MLE, we refer the reader to Hosmer and 

Lemeshow (2000). 

We now focus on demonstrating a one-to-one relationship between 

probability 0k and odds that we will use to determine the inverse function of the model 

specified by equation (4.4). This one-to-one relationship between probability and odds is 

given by 
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_!!_ls:_ 
l-0k

= 

l+_!i_ 
l-0k

odds 
= 

l+odds 

Now, observing the exponentiation of equation (4.4) we find that 

= odds. 

Thus, given that elk(Ok) = odds and from equation (4.5), we obtain the inverse 

transformation of the logit function specified by equation 4.4, 
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odds 
=---

l+odds 

Recall that for each k E P, Yk is modeled as a Bernoulli random variable. Thus,

from the logit inverse transformation above, we can see that the mean or expected value 

of the Bernoulli random variable is 

(4.6) 

Finally, given equation ( 4.6) and the fact that the expected value is a linear operator, we 

can estimate equation (3.2), the total number of individuals from the set P who achieve 

success as 

=E( L YkJ
kEP 
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Thus, we see that for our predicted total number of individuals from the set P who 

achieve success, equation ( 4. 7) is the sum of the individual probabilities of success. 

Polychotomous Logistic Regression 

(4.7) 

Polychotomous logistic regression, an extension of dichotomous logistic 

regression, is commonly used when the response variable has three or more categories. 

Polychotomous response variables can be either nominal or ordinal. Since our response 

variable, defined by equation (3.3), assumes a natural order, we utilized this information 

to construct our model. Another consideration is the type of model to use, i.e. adjacent

category, continuation-ratio, or proportional odds. We chose to utilize the proportional 

odds model because the inferences lend themselves to a discussion of direction of 

response, rather than focusing on a specific outcome category (Hosmer and Lemeshow 

2000, 298). For example, the interpretation of the beta coefficient produced by our 

polychotomous ordinal logistic regression model might be that for every unit increase in 

GP A, there is a corresponding increase in the odds of a higher performance level versus a 

lower performance level. 
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To develop our model we begin by specifying respective probabilities regarding 

responses of our dependent variable in equation (3.3). In this regard, for each k e P we 

denote the probability that an individual will be in levelj as 

(4.8) 

wherej = 1, 2, 3. Thus, the cumulative probability that an individual will be above levelj 

1s given as 

(4.9) 

From equation (4.9) we note that 1- C
jk represents the probability that an individual will 

be in levelj or below. Accordingly, for a specified levelj from our response variable 

equation (3.3), C
jk and (1- Cjk) represent the probabilities of a dichotomous state for each 

k e P: either an individual k belongs to a group above j or not. Thus, in order to associate 

an individual's characteristic, xk, to the cumulative probability, C jk, we will follow a 

comparable logical procedure to our previous discussion of the dichotomous logistic 

regression equation (4.4). First, we specify the cumulative odds equation, 

C .k 
cumulative odds = 1 

I-C
jk

( 4.10) 
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From equation ( 4.10), we model the log of cumulative odds 

( 4.11) 

where P = [00, Pi , ... ,Pp
l' is an (p + 1) x 1 vector of unknown coefficient values. Note 

that the intercept value is dependent on the level j of our response variable, but that the 

coefficients are not. This is due to the proportionality property of the proportional odds

model. The cumulative odds model ( 4.11) is also known as the proportional odds model. 

To illustrate this proportionality property, we take the exponentiation of (4.11), two 

characteristic vectors, x1 and x2 , and equation ( 4.10), to obtain the cumulative odds-ratio

P (Yk > j I XI ) / P ( Y k � j I x 1 ) = 
ex

1 P 

P(yk >JI x2)/ P(yk �JI x2) ex
2P 

Notice that the cumulative odds-ratio is proportional to the distances between the values 

of the independent variables. "The key to the proportionality property is that the effects 

of x are invariant with respect to outcome categories. That is, f3 is not indexed by j"

(Powers and Xie 2000, 213). We now illustrate another important property in our model 

development. Notice that for any k e P, when j = J, or in our case j = 3, the cumulative 
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probability specified in (4.9) equals zero. Since C3k = 0 whenj = 3, using the laws of 

probability, C3k can be written as 

3 

=1- LP(Yk =j) 
j=l 

3 

=1- LBjk· 
j=l 

This implies that the sum of the cumulative probabilities 

must equal 1. From the equation above it follows that we need only two probabilities, 

01k and 02k, to specify the respective probabilities to each level of the response variable 

(3.3) since 

(4.12) 



where C2k = 01k + 02k• In general, since the cumulative probabilities must sum to 1 when 

j = J, only J- 1 cumulative logit functions need to be uniquely identified. Accordingly, 

we will need to determine only two lo git functions from equation ( 4.11 ), Llk (elk )  and 

In order to define the likelihood function, we will create a set of three 

dichotomous variables to represent the various levels of the random variable (3 .3 ). 

Consequently, for any k e P, random variable (3.3) can only have one of the following 

values: Yk = 1 or Yk = 2 or Yk = 3. Thus, for any k e P, the three dichotomous variables 

are defined as 

{
1, whenyk = j

Z·k = 1 0, otherwise
(4.13) 

forj = 1, 2, 3. Notice that equation 4.13 specifies a Bernoulli random variable for each 

levelj, which implies the following expectation: E(z
j
J = �k· Given the specification of 

(4.13), for each k e P we can rewrite random variable (3.3) as a 1 x 3 random vector 

Yk = [zlk, z2k, z3JJ with corresponding 1 x 3 probability vector 0k = [ 01k, °'ik, 0_3k]. 

Utilizing Yk and 0 k, the likelihood function for our model is given by 

f(YIO)= fr[(01kY" (Bid" (�kY"] 
k=I 
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where Y = [y1,y2, ... ,y nl' is an n x 3 vector ofresponses and O = (01,02, ... ,0n]' is an n x 

3 vector of probabilities associated with the elements of Y. It is worth noting that 

because the sum of the cumulative probabilities in 0k is equal to 1, equation (4.14) 

represents the joint distribution of multinomial random vectors Yk· Taking the natural log 

of equation (4.14), the log-likelihood equation is 

In[/(YI 0)] = L {zlk ln[B1k]+z2k ln[B2k]+z3k ln(03k]}. 
k=l 

(4.15) 

Since a cumulative probability is just a probability, the one-to-one relationship between 

probability and odds developed in (4.5) holds. Accordingly, observing the exponentiation 

of(4.11), we find that 

= cumulative odds. 

Thus, given that e L Jk ( cJk) = cumulative odds, we obtain the inverse transformation of the 

cumulative logit function specified by ( 4.11 ), 
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L ( ) ln(2-_J e Jk cJk == e 1-CJk 

C .k 
== J 

1-Cjk 

LJl{xkP) = ex,P 
1 +ex.tP 



ljk(Cjk) 
= 

1 +/1k( c1k)

cumulative odds= 
1 + cumulative odds 

Accordingly, the relationship between our cumulative probabilities and our logit 

functions is 

Using ( 4.12), the log-likelihood function ( 4.15) becomes 

In[/{Y 10)] = L {zik ln[Clk]+z2k In[C2k -Cik ]+z3k In[l-C2k]}. 
k=I 

(4.16) 

From equation (4.16), note the relationship between C 1k and C2k and the coefficient 

values in J3. From the log likelihood function above, the MLE's of the elements of J3 will 

be determined using SAS software. 

One of the objectives in this paper is to predict the total number of students who 

experience Yk = j as their performance level. Utilizing the dichotomous variable 
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specified in (4.13), we define the total number of students who experience Yk = j as 

their performance level as 

Tj = Lzjk· 
k=l 

(4.17) 

Now, given equation ( 4.17) and the fact that expected value is a linear operator, we can 

estimate the total number individuals from the set P who achieve performance level j as 

=E(LzjkJ 
keP 

(4.18) 

Thus, we see that our estimated performance for each level j of outcome is the sum of the 

individual probabilities of performance for the jth category of the response variable. 

More importantly, using (4.12) and equation (4.16) we can obtain �k for equation (4.18). 

For example, for levelj = 3, equation (4.18) becomes 
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Having discussed the conceptual idea underlying our models, we will now proceed to 

construct the models. In the following chapter, we will outline the construction process, 

check for validity, and describe the models we obtained. 

34 



CHAPTER V 

DEVELOPMENT OF PREDICTIVE MODELS 

There are many factors that may influence how well a student will perform in a 

mathematics class. Our research utilizes factors that are readily available to advisors at 

TWU and most institutions of higher learning, such as ethnicity, age, GP A, SAT math 

(SAT_M), ACT math (ACT_M), and number of hours taken in the relevant semester. In 

this chapter, we will use the training data set to specify estimates of the unknown 

coefficient values for both the dichotomous logistic regression model, equation (4.4), and 

the polychotomous ordinal logistic regression model, equation ( 4.11 ). 

Dichotomous Logistic Regression Models 

In our first analysis, we will employ multiple logistic regression to model the 

dichotomous response variable, performance, defined in equation (3 .1) for both 

Elementary Statistics and Elementary Analysis. 

Model for Elementary Statistics Math 1703 

We will build our first model using the training data set constructed from students 

that completed Elementary Statistics in the Fall semester of 2003. Using SAS software 

and its Logistic Procedure and the forward selection option from this SAS procedure, a 

selection of predictor variables, xk , and their corresponding coefficient estimates for the 

elements of J3 was obtained. The forward selection starts with no independent variables 
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and selects independent variables in order of their statistical significance until there are 

no significant variables left. In addition, the descending option was used, which tells 

SAS to model Yk = l (i.e. success) so that a positive coefficient corresponds to a positive 

relationship with success. Table 5.1 presents the results of the variable selection and 

coefficient estimates from the logistic regression procedure. 

Table 5.1. Coefficient estimates for the dichotomous model of Elementary Statistics 

Analysis of Maxim um Likelihood Estimates 

Standard Wald 
Parameter DF Estimate Error Chi-Square Pr> ChiSq 

Intercept 1 -0.2029 0.5729 0.1254 0.7232 

gpa 1 0.6814 0.1823 13.9674 0.0002 

sat act 1 0.4370 0.1744 6.2804 0.0122 

From table 5.1 we see that the only significant variables selected for Math 1703 are GPA 

and SAT_ACT with corresponding MLE coefficients of .6841 and .4370, respectively. 

The last column of table 5.1 contains the p-values associated with the Wald Chi-Square 

statistic values used to test the null hypothesis that a beta coefficient parameter is zero. 

At a significance level of a = .05, we reject the null hypothesis and conclude that GP A (p 

= .0002 < .05) and SAT_ACT (p = .0122 < .05) are significant predictors of success in 

Elementary Statistics. Accordingly, for each k e P, the specified estimate of the 

dichotomous logistic regression model, equation (4.4), is 

Lk =-.2029+.6814(GPA)+.4370(SAT_ACT) 
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for Math 1703 students. To obtain practical interpretations of the beta coefficients in 

equation ( 5 .1 ), we will use the odds ratios, which are obtained by taking the exponential 

of the beta coefficient estimates (see table 5.2). From table 5.2, we see that for every 

increase in level of GPA, holding all other variables constant, the student is 1.977 times 

as likely to succeed in Elementary Statistics. Similarly, for every unit increase in level of 

SAT_ ACT score, the student is 1.548 times as likely to succeed. 

Table 5.2. Odds ratios for the dichotomous model of Elementary Statistics 

Odds Ratio Estimates 

Point 95% Wald 
Effect Estimate Confidence Limits 

gpa 1.977 1.383 2.826 

sat act 1.548 1.100 2.179 

In order to assess the fit of our model we used a Hosmer and Lemeshow 

goodness-of-fit test, which tests the hypothesis that there are no differences between 

observed response variable values from the training data set and the estimated response 

values calculated by using model (5.1). Since p = .2727 > .05 (table 5.3), we fail to reject 

the null hypothesis. Our non-significant Hosmer and Lemeshow goodness-of-fit test 

suggests that our model fits the response variable of our training data set for Math 1703 

students well. 
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Table 5.3. Hosmer and Lemeshow goodness-of-fit test for the dichotomous model of 

Math 1703 

Hosmer and Lemeshow 
Goodness-of-Fit Test 

Chi-Square DF Pr> ChiSq 

7.5529 6 0.2727 

Model for Elementary Analysis Math 1303 

We construct our second dichotomous model using the training data set that was 

obtained from students that completed Elementary Analysis in the Fall semester of 2003. 

Utilizing the same procedure as above, we obtained one predictor variable, SAT_ACT, 

with the corresponding beta coefficient estimate of .4195 (see table 5.4). 

Table 5.4. Coefficient estimates for the dichotomous model of Elementary Analysis 

Analysis of Maximum Likelihood Estimates 

Standard Wald 
Parameter DF Estimate Error Chi-Square Pr> ChiSq 

Intercept 1 -0.6480 0.3598 3.2431 0.0717 

sat act 1 0.4195 0.1500 7.8199 0.0052 

From table 5.4 we see that SAT_ACT is considered a significant contributor to success in 

Math 1303 since p = .0052 < .05. Thus, our dichotomous logistic regression model, 

equation (4.4), for Elementary Analysis (College Algebra) becomes 

L
1c 

= -.6480+.4195(SAT_ACT) (5.2) 
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Interpretations to the estimate of the beta coefficient in equation (5.2) can be found from
the odds ratio found in table 5.5. From table 5.5, the odds ratio for SAT_ACT suggests
that for every unit increase in level of SAT_ACT score, the student is 1.521 times as
likely to succeed in Elementary Analysis.

Table 5.5. Odds ratios for the dichotomous model of Elementary Analysis 

Odds Ratio Estimates 

Point 95% Wald 
Effect Estimate Confidence Limits 

sat act 1.521 1.1341 2.041

To address the goodness of fit for equation (5.2) we will look at the Hosmer and
Lemeshow goodness-of-fit test. From table 5.6 we fail to reject the null hypothesis of the
Hosmer and Lemeshow goodness-of-fit test (p = .0792 > .05), which suggests that our

model fits the response variable of our training data set for Math 1303 students well.

Table 5.6. Hosmer and Lemeshow goodness-of-fit test for the dichotomous model of 

Math 1303 

Hosmer and Lemeshow 
Goodness-of-Fit Test 

Chi-Square DF Pr> ChiSq 

6.7820 3 0.0792
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Polychotomous Ordinal Logistic Regression Models 

In our second analysis, we will utilize ordinal logistic regression to model the 

polychotomous performance variable specified in (3.3) for both Elementary Statistics and 

Elementary Analysis. Whereas in our previous models we defined success as pass or fail, 

our next two models will predict performance as above average (yk = 1, student makes an 

A or B), average (yk = 2, student makes a C), and below average (yk = 3, student makes a 

D or F). We chose to use ordinal logistic regression since our response variable takes on 

a natural order . 

Model for Elementary Statistics Math 1703 

The development of our first polychotomous ordinal logistic regression model 

will utilize the same training data set that was used in constructing the dichotomous 

model for Elementary Statistics, except the response variable we will use is defined by 

equation (3.3). Ordinal logistic regression requires that the coefficients for the 

explanatory variables be the same across all levels of the response variable. This is 

referred to as the proportional odds assumption. We will use a proportional odds test to 

check this assumption, which tests the hypothesis that each explanatory variable has only 

one beta coefficient. If we reject the null hypothesis, then we need to consider an 

alternative statistical procedure to build a predictive model for the response variable, such 

as treat the response variable as nominal and use a generalized logits model (Stokes, 

Davis, and Koch 2001, 249). 
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We begin our analysis by checking the proportional odds assumption to verify 

that ordinal logistic regression is an appropriate statistical modeling technique for our 

data. Table 5.7 presents the SAS output used to check our proportional odds assumption 

or more formally to test the null hypothesis that each explanatory variable has only one 

beta coefficient. Since p = .4934 > .05 (see table 5.7), we fail to reject the null hypothesis 

and assume that we have proportional odds. 

Table 5. 7. Proportional odds test for the polychotomous model of Elementary 

Statistics 

Score Test for the 
Proportional Odds 

Assumption 

Chi-Square DF Pr>ChiSq 

1.4128 2 0.4934 

Following an analogous procedure to the dichotomous model building, we 

develop our polychotomous model for Elementary Statistics by allowing SAS to select 

the statistically significant variables from the pool of independent variables in our 

training data set. From table 5.8, our model for Math 1703 contains the continuous 

explanatory variable cumulative grade point average ( cum _gpa) and the dichotomous 

explanatory variable ethnicity (eth) with respective beta coefficient estimates .3618 and . 

. 7156. Since cum_gpa (p = .0005) and ethnicity (p = .0116) are both significant at the 

a = .05 level, our specified logit functions in equation (4.11) become 
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½k (elk )= .0117 +.3618(cum_gpa)+.7156(eth) 

L2k ( c2k ) = .9923+.3618( cum_gpa )+.7156( eth) 

Table 5.8. Coefficient estimates for the polychotomous model of Elementary 

Statistics 

Analysis of Maximum Likelihood Estimates 

Standard Wald 
Parameter DF Estimate Error Chi-Square Pr> ChiSq 

Intercept above_avg 1 0.0117 0.2980 0.0015 0.9687 

Intercept sum 1 .9923 0.3132 10.0411 0.0015 

eth 1 0.7156 0.2837 6.3640 0.0116 

cum_gpa 1 0.3618 0.1035 12.2192 0.0005 

(5.3) 

To interpret the beta coefficient estimates oflogit equations (5.3), we will utilize 

the odds ratio estimates found in table 5.9. Accordingly, we determined that for every 

1.00 increase in cumulative GP A, students have 1.44 times the odds of a higher 

performance level versus a lower performance level in Math 1703. For ethnicity, 

Caucasian students have 2.045 times the odds of a higher versus lower performance level 

than minority students. 
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Table 5.9. Odds ratios for the polychotomous model of Elementary Statistics 

Odds Ratio Estimates 

95% Wald 
Effect Point Estimate Confidence Limits 

eth 2.045 1.173 3.566 

cum_gpa 1.436 1.172 1.759 

We now determine if our model fits the response variable (3 .3) for our training 

data set for Math 1703 well through explanatory capability, i.e. do the independent 

variables chosen explain the response variable well. This is tested by comparing an 

intercept only model with the model that includes the explanatory variables. To perform 

this goodness-of-fit test, SAS produces three asymptotically equivalent chi-square tests, 

all of which test the null hypothesis that at least one of the regression coefficients is not 

zero in the model for Elementary Statistics. Table 5.10 gives the results of these tests. 

Table 5.10. Model fit tests for the polychotomous model of Math 1703 

Testing Global Null Hypothesis: BETA=0 

Test Chi-Square DF Pr> ChiSq 

Likelihood Ratio 19.9065 2 0.0001 

Score 19.6629 2 0.0001 

Wald 19.1867 2 0.0001 

As seen in table 5 .10, all three tests have p-values < .0001. Thus, we reject the null 

hypothesis and conclude that the polychotomous ordinal logistic regression model for 

Math 1703 fits the response variable of our training data set well. 
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Model for Elementary Analysis Math 13 03 

We constructed our second polychotomous ordinal logistic regression model 

using the same training data set that was used to build the dichotomous model for 

Elementary Analysis. Repeating the process done for the first polychotomous model, we 

first verify that our model meets the proportional odds assumption. Since p = .6812 > .05 

(see table 5.11), we fail to reject the null hypothesis and conclude that our model for 

Math 1303 has proportional odds. 

Table 5.11. Proportional odds test for the polycbotomous model of Elementary 

Analysis 

Score Test for the 
Proportional Odds 

Assumption 

Chi-Square DF Pr> ChiSq 

0.7679 2 0.6812 

Satisfied that we were justified in continuing the building process, we applied the 

information gained from the analysis of maximum likelihood estimates (see table 5.12) to 

equation ( 4.11) to form the logit equations for our polychotomous ordinal logistic 

regression model for Elementary Analysis 

L.k (elk )= -1.9674 +.2531(cum_gpa)+.4642(sat_act) 

L2k ( C2k ) = -1.3311 + .2531( cum _gpa)+.4642(sat_ act). 
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We chose to include the continuous independent variable cum _gpa (p = .0879 > .05) in 

our polychotomous model for Math 1303 since the categorical variable sat_act (p = .0013 

< .05) was so sparsely populated. In addition, the inclusion of cum _gpa increased the 

predictive accuracy of our model. 

Table 5.12. Coefficient estimates for the polychotomous model of Elementary 

Analysis 

Analysis of Maximum Likelihood Estimates 

Standard Wald 
Parameter DF Estimate Error Chi-Square Pr> ChiSq 

Intercept above_avg 1 -1.9674 0.5533 12.6405 0.0004 

Intercept sum 1 -1.3311 0.5315 6.2707 0.0123 

CUM GPA 1 0.2531 0.1483 2.9116 0.0879 

sat act 1 0.4642 0.1444 10.3378 0.0013 

The positive coefficients reflect the increasing nature of the underlying continuous 

response variable performance. Hence, the point estimate ( see table 5 .13) for cum _gpa 

(1.288) implies that students have 1.29 times the odds of a higher performance level 

versus a lower performance level for every 1.00 increase in cumulative GPA. Similarly, 

for every increase in level of SAT or ACT score ( 1.199), students have 1.20 times the 

odds of a higher versus a lower performance level in Math 1303. 
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Table 5.13. Odds ratios for the polychotomous model of Elementary Analysis 

Odds Ratio Estimates 

Point 95% Wald 
Effect Estimate Confidence Limits 

CUM_GPA 1.288 0.963 1.722 

sat act 1.591 1.199 2.111 

Finally, we examined the model fit statistics (see table 5.14) and determined that 

all three statistics were less than .05. Thus, we reject the null hypothesis and assume that 

our model for Math 1303 fits the response variable (3.3) of our training data set well. 

Table 5.14. Model fit tests for the polychotomous model of Math 1303 

Testing Global Null Hypothesis: BETA=0 

Test Chi-Square DF Pr> ChiSq 

Likelihood Ratio 13.3646 2 0.0013 

Score 13.1314 2 0.0014 

Wald 11.7705 2 0.0028 

We have shown that our models fit the response variables of the training data sets from 

which they were constructed through several chi-square tests, such as the Wald test and 

the Hosmer and Lemeshow goodness-of-fit test. However, it is known that a fitted model 

· always performs in an optimistic manner on the data set used in development (Hosmer

and Lemeshow 2000, 186). Therefore, in the following chapter, we will further assess the

fit of our models through a technique known as cross-validation.
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CHAPTER VI 

ASSESSMENT OF LOGISTIC REGRESSION MODELS 

Since the expected use of our models is to predict performance outcomes for 

future students taking Elementary Analysis and Elementary Statistics, it is important that 

we validate our models externally. External validation requires the use of a data set other 

than the set used for model development. Accordingly, we will predict the responses for 

the dependent variables, equation (3.1) and equation (3.3), contained in the validation 

data set using the coefficients estimates derived from the training data set in chapter 5. 

The sum of the predicted values is then compared to the sum of the actual values to 

determine the predictive accuracy of the model. 

Assessing Dichotomous Logistic Models 

External Validation for Elementary Statistics Math 1703 

The fall 2004 validation data set contains n = 341 students who took Math 1703. 

We let P = { 1,2, .... ,341} represent the set of indices for those 341 students. For each k 

e Pin the validation data set, we will use their responses to the independent variables in 

xk = {GPA, SAT_ACT} for equation (5.1). Using the value obtained from equation (5.1) 

in equation ( 4.6), we get the predictive probability for response Yk = l. Table 6.1 shows 

that, using equation ( 4. 7), the predicted total number of individuals (rounded to the 

nearest whole number) in the validation data set for Math 1703, who achieved success, is 

f = 285 . From table 6.1, the actual number of individuals from the validation data set 
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who obtained success is T = 297. We see that our predicted number of successes is off by 

only 12 students. Using the following equation 

T-T
(6.1) 

we can specify the accuracy of our prediction, in terms of percentage, on the entire set n. 

Considering that we had a total of n = 341 students and our prediction was off by 12, then 

our prediction of success on the entire validation data set was off by 4%. Thus, our 

model under-predicts success in Elementary Statistics by only 4 percent. 

Table 6.1. Cross-validation prediction results for the dichotomous logistic model 

predicting success in Elementary Statistics 

n 
,.. 

f-TT 

off 

341 285 297 -12

External validation for Elementary Analysis Math 1303 

Next, we will use the validation set containing students that completed Math 1303 

(n = 102) in the Fall semester of2004 to assess our dichotomous model for College 

Algebra. We let P = { 1,2, .... , 102} represent the set of indices for those 102 students. 

For each k e P in the validation data set, we will use their responses to the independent 

variable in xk = {SAT_ACT} for equation (5.2). Following the same steps used for 
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assessing our dichotomous model for Math 1703, we obtained the values f = 53 and 

T = 63 (see table 6.2). We see that our predicted number of successes is off by only 10 

students. From equation (6.1), we determined that our prediction of success on the entire 

validation data set was off by 10%. Therefore, our model under-predicts College Algebra 

by approximately 10 percent. 

Table 6.2. Cross-validation prediction results for the dichotomous logistic model 

predicting success in Elementary Analysis 

n T 

102 53  

T 

63 

f-T 

off 

-10

Assessing Polychotomous Ordinal Logistic Models 

External validation for Elementary Statistics Math 1703 

We will assess the model for Elementary Statistics utilizing the validation data set 

containing students that completed Math 1703 (n = 341) in the Fall semester of 2004. 

We let P = { 1,2, .... ,341} represent the set of indices for those 341 students. For each k 

E P in the validation data set, we will use their responses to the independent variables in 

xk = { cum_ GPA, eth} for the equations specified in (5.3). Using the values obtained 

from the equations in (5.3) in equation (4.16), we get the predictive cumulative 

probabilities for responsesyk = 1 andyk = 2. Using the equations specified in (4.12), we 

obtain the respective probabilities to each level of the response variable in (3.3). Table 
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6.3 shows that, using equation ( 4.18), the predicted total number of individuals (rounded 

to the nearest whole number) who achieved a performance level of Yk = 1, Yk = 2, and 

Yk = 3, are 7i = 256, f2 = 45, and T3 = 39, respectively. From table 6.3, the respective

actual number of individuals from the validation data set, who obtained a performance 

predicted number of students inyk = 1 andyk = 2 are off by only 2 students each, while 

Yk = 3 is off by only 5 students. Using equation (6.1), we can specify the accuracy of our 

predictions, in terms of percentage, on the entire set n. We see that for Yk = 1 andyk = 2, 

our predicted number of students in these response levels is off by only 0.6%. Similarly, 

the predicted number of individuals in response levelyk = 3 is off by only 1.5%. Thus, 

our polychotomous ordinal logistic regression model for Math 1703 over-predicted above 

average ( Yk = 1) by 0.6 percent, over-predicted average ( Yk = 2 )  by 0.6 percent, and 

under-predicted below average ( Yk = 3 )  by 1.5 percent. 

Table 6.3. Cross-validation prediction results for the polychotomous ordinal logistic 

model predicting performance in Elementary Statistics 

,.. ,.. 

1'i T;_ ½ � I; ½ 

341 256 45 39 254 43 44 
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External validation for Elementary Analysis Math 1303 

We will assess our polychotomous ordinal logistic model for College Algebra 

using a validation data set that contains students that completed Math 1303 (n = 102) in 

the Fall semester of 2004. We let P = { 1,2, .... , 102} represent the set of indices for those 

102 students. For each k e P in the validation data set, we will use their responses to the 

independent variables in xk = {cum_ GP A, SAT _ACT} for the equations specified in 

( 5 .4 ). Repeating the process used to assess our polychotomous ordinal model for Math 

1703, table 6.4 shows that the predicted total number of individuals (rounded to the 

nearest whole number) who achieved a performance level of Yk = 1, Yk = 2, andyk = 3, 

,.. ,.. ,.. 

are 7i = 37 , T2 = 14 , and T3 = 50, respectively. From table 6.4, the respective actual 

number of individuals from the validation data set, who obtained a performance level of 

Yk = l,Yk = 2, andyk = 3, are 7i = 35 , T2 = 28, and T3 = 39. We see that the predicted 

number of students inyk = 1 is off by only 2 students, while Yk = 2 and Yk = 3 are off by 

14 students and 11 students, respectively. Using equation (6.1), we can specify the 

accuracy of our predictions, in terms of percentage, on the entire set n. We see that for 

Yk = 1, our predicted number of students is off by only 2%, while for Yk = 2, our predicted 

number of students is off by 14%. Similarly, the predicted number of individuals in 

response level Yk = 3 is off by 11 %. Thus, we see that our polychotomous ordinal logistic 

regression model for College Algebra over-predicted above average ( Yk = 1) by two 
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percent, under-predicted average ( Yk = 2 ) by 14 percent, and over-predicted below 

average ( y k = 3 ) by 11 percent. 

Table 6.4. Cross-validation prediction results for the polychotomous ordinal logistic 

model predicting performance in Elementary Analysis 

" " 

r; ½ ½ r; r; ½ 

102 37 14 50 35 28 39 

We have discovered through model assessment that there are some discrepancies 

between dichotomous and polychotomous model predictions, as well as between 

predictions for statistics and algebra. These results and possible reasons for the 

differences will be discussed in the following chapter. In addition, we will make 

suggestions for possible future research. 
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CHAPTER VII 

CONCLUSION 

The purpose of this paper was to produce and compare dichotomous logistic 

regression models with polychotomous ordinal logistic regressi9n models predicting how 

a student will perform in a core mathematics course. We chose to model Elementary 

Statistics and Elementary Analysis and discovered that there were not only differences in 

the explanatory variables chosen by SAS for the models, but also in the predictive 

accuracy of the models. In addition, we determined that there were differences in 

predictive accuracy when comparing dichotomous to polychotomous models predicting 

the same course. In the first section of this chapter, we will discuss our results and the 

possible reasons for the differences. We will end the chapter with a discussion of 

possible solutions that may lead to future research. 

Results 

First comparing the models within courses, we discovered that the dichotomous 

models have greater predictive accuracy. This was not an unexpected result as dividing 

our response variable into more categories necessarily leads to less information available 

(i.e. smaller sample size) to build a model for the response outcome. What we did not 

expect to see was the rather large discrepancy between the models used to predict 

performance in College Algebra. In fact, we discovered that our polychotomous model 

under-predicted average U'k = 2) by 14 percent and over-predicted below average (yk = 3) 
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by 11 percent. Comparing the grade distributions of2003 (see table 7.1) and 2004 (see 

table 72), we observe that the model was developed on a data set with 45 percent below 

average ( student make a D or F) while it was tested on a data set with 3 8 percent below 

average. In addition, the training set has 14 percent average (student makes a C) as 

opposed to 27 percent average in the validation set. 

Table 7.1. Grade distribution for Math 1303 Fall 2003 

Cumulative Cumulative 
letter _grade Frequency Percent Frequency Percent 

A 15 15.96 15 15.96 

B 23 24.47 38 40.43 

C 13 13.83 51 54.26 

D 28 29.79 79 84.04 

F 15 15.96 94 100.00 

Table 7 .2. Grade distribution for Math 1303 Fall 2004 

Cumulative Cumulative 
letter _grade Frequency Percent Frequency Percent 

A 14 13.73 14 13.73 

B 21 20.59 35 34.31 

C 28 27.45 63 61.76 

D 13 12.75 76 74.51 

F 26 25.49 102 100.00 

These large differences in grade distribution seem to explain the discrepancy in the 

accuracy of our models. As a result, it would be best to utilize the dichotomous model 

when predicting College Algebra. In contrast, the predictive accuracy of our 
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dichotomous and polychotomous models for Elementary Statistics were consistent within 

a few percentage points of each other. 

Comparing between courses, we find that both our dichotomous and 

polychotomous models for Math 1703 outperformed the models constructed for Math 

1303. One possible explanation might be the differing skill sets required for the two 

courses. In addition, the difference in the grade distributions (see tables 7.1 - 7.4) 

between the two courses may have had an effect. For instance, the Math 1703 fall 2003 

grades differ from the fall 2004 grades by at most two percentage points whereas the 

algebra grades differ by as much as 17 percentage points. 

Table 7.3. Grade distribution for Math 1703 Fall 2003 

Cumulative Cumulative 
letter _grade Frequency Percent Frequency Percent 

A 159 53.72 159 53.72 

B 69 23.31 228 77.03 

C 37 12.50 265 89.53 

D 10 3.38 275 92.91 

F 21 7.09 296 100.00 
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Table 7 .4. Grade distribution for Math 1703 Fall 2004 

Cumulative Cumulative 

letter _grade Frequency Percent Frequency Percent 

A 173 50.73 173 50.73 

B 81 23.75 254 74.49 

C 43 12.61 297 87.10 

D 17 4.99 314 92.08 

F 27 7.92 341 100.00 

Finally, the larger data set for Math 1703 (n = 296) versus Math 1303 (n = 94) 

afforded more information with which to construct our models, thus leading to better 

predictions for Math 1703. Though our polychotomous model for Math 1303 did not 

predict as well as we had hoped, we gained some valuable information that may be useful 

for future research. 

Future Research 

In the process of data exploration, we discovered that a historically important 

predictor, placement test scores, was completely unoccupied. We did not have access to 

these scores because the Mathematics and Computer Science Department at TWU does 

not require a placement test in many circumstances. In addition, our data sets included 

neither the Accuplacer scores nor the THEA scores. Standardized test scores such as 

these have also been shown to be good predictors (Olson 2003). Future researchers 

would do well to request access to all test scores available. It may also be of benefit to 

the Mathematics and Computer Science Department to require a placement test for all 
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students prior to registration, especially those students planning to take College Algebra. 

There were also other important data that were not accessible to us. For example, high 

school GPA and class rank have both been used successfully in predicting performance in 

college courses, as well as attaining a degree (Trusty and Niles 2003 ). In addition, there 

are demographic data, such as high school attended, that may be useful in predicting 

success. As yet another example, there are psychosocial exams that measure 

mathematical anxiety, mathematical efficiency, and social integration that may be of use 

to future research. Finally, in order to control for the wide discrepancy in grade 

distribution between years, it may be of use to combine several years of fall semester data 

into one set before constructing a model. 
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APPENDIX A 

List of Independent Variables 
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VARIABLE 

ETH 

AGEl 

RANK 

FIELD 

GPA 

MATHEXP 

SEMHRS 

SAT ACT 

List of Independent Variables 

DEFINITION 

Ethnicity 

Age 

Class 

Major 

Grade Point 
Average 

Math courses 
taken at TWU 

Semester hours taken 
in relevant semester 

Composite score of 
SAT M and ACT M 

- -

CODING 

(0) Minority
( 1) Caucasian
(0) age<20
(1) 20<=age<30
(2) 3 0<=age<40
(3) age>40

(0) Freshman
( 1) Sophomore
(2) Junior
(3) Senior
(0) non-science
( 1) sciences
(0) 0<=cum_gpa<l
(1) l<=cum_gpa<2
(2) 2<=cum_gpa<3
(3) 3<=cum_gpa<4
(4) cum_ gpa = 4
(0) none
(1) up through Trigonometry
(2) Calculus.or above
(0) total hours<6
(1) 6<=total hours<12
(2) 12<=total hours
(0) 0<=sat_ m<430 or 0<=act_ m<l 8
(1) 430<=sat_m<480 or 18<=act_m<21
(2) 480<=sat_m<560 or 21 <=act_m<22
(3)560<=sat_ m or 22<=act m
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SAS Code 
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SAS Code 

This is the code used to complete this analysis for College Algebra. The same 

code was used for Elementary Statistics. 

* Telling SAS where to find data*

libname thesis'C:\Documents and Settings\Owner\Desktop\Thesis\Thesis data\Paul\SAS 
data'; 

* Subsetting and merging data sets to form training set *

data alg03zip; 
set thesis.student_ data; 
ifyear='03'; 
keep ethnic doh sat_ m act_ m zip term _id class majorl grade cum _gpa id _paul; 
run; 
proc sort data=alg03zip; 
by id_paul; 
run; 

proc sort data=thesis.fall03 _paul; 
by id_paul; 
run; 

data fall03 _paul; 
set thesis.fall03 _paul; 
run; 

data fall03; 
merge alg03zip fall03 _paul (keep=cls _ type crsno id _paul); 
by id_paul; 
run; 
data alg03 _ zip; 
set fall03; 
if cls_type='MATH' and crsno='1303'; 
run; 

*Deleting missing values and creating independent variable age*

data alg03 _ zip; 
set alg03 _ zip; 
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if grade=. then delete; 
if id _paul=. then delete; 
age = ((today()-dob )/365.25)-4; 
format age 2.0; 
run; 

*Coding independent variables*

data finalalg03; 
set thesis.alg03zip; 
if 0<=cum _gpa<l then gpa=0; 
else if l<=cum_gpa<2 then gpa=l; 
else if2<=cum_gpa<3 then gpa=2; 
else if 3<=cum _gpa<4 then gpa=3; 
else gpa=4; 
if age<20 then age 1 =0; 
else if 20<=age<30 then agel =1; 
else if 30<=age<40 then age 1 =2; 
else agel =3; 
if totalhrs<6 then semhrs=0; 
else if 6<=totalhrs<12 then semhrs=l; 
else semhrs=2; 
if majorl in('10204' '10206' '10208' '10216' '10604' '10606' '10616' '11604' '11608' '11612' 

'44804' '55204' '55206' '55207' '55208' '55209' '55211' '55212' '55213' '55214' 
'55215' '55216' '55217' '55218' '55219' '55220' '55221' '55222' '55224' '55228' 
'55230') then field=l; 

else field=0; 
if 1 <=premath<=3 then mathexp=l; 
else if premath>=4 then mathexp=2; 
else mathexp=0; 
if class='FR' then rank=0; 
else if class='SO' then rank=l; 
else if class='JR' then rank=2; 
else rank=3; 
if (0<=sat_ m<430 or 0<=act_ m<l8) then sat_ act=0; 
else if(430<=sat_m<480 or 18<=act_m<21) then sat_act=l; 
else if (480<=sat_m<560 or 21<=act_m<22) then sat_act=2; 
else if (560<=sat_m or 22<=act_m) then sat_act=3; 
if ethnic='0l' then eth=l; 
else eth=0; 
if grade in(0 1) then success=0; 
else success= 1; 
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*Performance code for training data sets only*

if grade=4 then performance='above_avg'; 
else if grade=3 then perfonnance='above _ avg'; 
else if grade=2 then perfonnance='average'; 
else if grade=l then perfonnance='below _ avg'; 
else if grade=0 then performance='below _ avg'; 
run; 

*Creating new training set to allow for missing values*

data finalalg03miss; 
set finalalg03; 
if premath=. then mathexp=0; 
else ifpremath=0 then mathexp=l; 
else if 1 <=premath<=3 then mathexp=2; 
else if premath>=4 then mathexp=3; 
if cum _gpa=. then gpa=0; 
else if0<=cum_gpa<l then gpa=l; 
else if 1 <=cum _gpa<2 then gpa=2; 
else if 2<=cum _gpa<3 then gpa=3; 
else if 3<=cum _gpa<4 then gpa=4; 
else gpa=5; 
if age=. then agel =O; 
else if0<=age<20 then agel=l; 
else if 20<=age<30 then age 1 =2; 
else if30<=age<40 then age1=3; 
else agel =4; 
if incom_ hhld=. then ses 1 =0; 
else if 0<=incom_hhld<20000 then sesl =1; 
else if 20000<=incom _ hhld<35000 then ses 1 =2; 
else if 35000<=incom _ hhld<50000 then ses 1 =3; 
else if 50000<=incom_hhld<100000 then ses1=4; 
else sesl =5; 
if totalhrs=. then semhrs=0; 
else iftotalhrs<6 then semhrs=l; 
else if 6<=totalhrs<12 then semhrs=2; 
else semhrs=3; 
if majorl =' 'then field=0; 
else if majorl in('10204' '10206' '10208' '10216' '10604' '10606' '10616' '11604' '11608' 

'11612"44804' '55204' '55206' '55207' '55208' '55209' '55211' '55212' '55213' 
'55214' '55215' '55216' '55217' '55218' '55219' '55220' '55221' '55222' '55224' 
'55228' '55230') then field=2; 
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else field=l; 
if class=' ' then rank=0; 
else if class='FR' then rank=l; 
else if class='SO' then rank=2; 
else if class='JR' then rank=3; 
else rank=4; 
if (sat_m=. and act_m=.) then sat_act=0; 
else if (0<=sat_m<430 or 0<=act_m<18) then sat_act=l; 
else if (430<=sat_m<480 or 18<=act_m<21) then sat_act=2; 
else if ( 480<=sat_ m<560 or 21 <=act_ m<22) then sat_ act=3; 
else if (560<=sat_m or 22<=act_m) then sat_act=4; 
if ethnic=' ' then eth=0; 
else if ethnic='0 l' then eth=2; 
else eth=l; 
run; 

**The preceding code must be run on all data sets** 

*Running Proc Logistic to obtain dichotomous model*

ODS rtf file='C:\Documents and Settings\Compaq_ Administrator\Desktop\draft 
thesis\proclogalg03missd.rtf BODYTITLE; 

proc logistic data=finalalg03miss desc; 
model success=eth rank field gpa mathexp semhrs age 1 sat_ act / 

selection=forward 
lackfit; *Requests Hosmer and Lemeshow goodness-of-fit test* 

run; 

ODS rtf close; 

*Cross-validation of dichotomous model*

data crossval_forwardalg04missd; 
set finalalg04iniss; 

y=-.6480+.4195*sat_act; 
prob=exp(y )/(1 +exp(y) ); 

keep y prob success; 
run; 
ODS rtf file='C: \Documents and Settings\Compaq_ Administrator\Desktop\draft 

thesis\crsvalfwdalg04missd.rtf BODYTITLE; 
proc report data=crossval _ forwardalg04missd no windows; 
column (prob success),sum; 
title 'Cross-validation of Forward LogReg Model'; 
run; 
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ODS rtf close; 

*Running Proc Logistic to obtain polychotomous model*

ODS rtf file='C:\Documents and Settings\Compaq_ Administrator\Desktop\draft 
thesis\proclogalg03misspallv.rtf BODYTITLE; 

proc logistic data=finalalg03miss; 
model performance=cum _gpa eth sat_ act rank field age 1 ses 1 semhrs mathexp; 

run; 
ODS rtf close; 

*Second run of Proc Logistic with significant variables*

ODS rtf file='C: \Documents and Settings\Compaq_ Administrator\Desktop\draft 
thesis\proclogalg03missp.rtf BODYTITLE; 

proc logistic data=finalalg03miss; 
model performance=cum _gpa sat_ act; 

run; 
ODS rtf close; 

*Cross-validation of polychotomous model*

data crossvalalg04missp; 
set finalalg04miss; 
logit_above=-1.9674+.2531 *cum_gpa+4642*sat_act; 
logit_sum=-1.3311+.2531 *cum_gpa+4642*sat_act; 
prob_ aboveavg=exp(logit_ above )/(1 +exp(logit_ above)); 
prob_avg=(exp(logit_sum)/(l+exp(logit_sum)))-prob_aboveavg; 
prob_ belowavg=l-prob _ aboveavg-prob _ avg; 
IF GRADE=4 THEN DO; above_avg=l; avg=0; below_avg=0; END; 
ELSE IF GRADE=3 THEN DO; above_avg=l; avg=0; below_avg=0; END; 
ELSE IF GRADE=2 THEN DO; above_avg=0; avg=l; below_avg=0; END; 
ELSE IF GRADE=l THEN DO; above_avg=0; avg=0; below_avg=l; END; 
ELSE IF GRADE=0 THEN DO; above_avg=0; avg=0; below_avg=l; END; 
run; 
ODS rtf file='C:\Documents and 

Settings\Compaq_ Administrator\Desktop\draft thesis\crsvalalg04missp.rtf 
BODYTITLE; 

proc report data=crossvalalg04missp nowindows; 
column (prob_aboveavg prob_avg prob_belowavg above_avg avg below_avg),sum; 
title 'Cross-validation of Math 1303 Polychotomous Ordinal Logistic'; 
run; 
ODS rtf close; 
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*Creating grade frequencies*

data finalalg04miss; 
set finalalg04miss; 
if grade=0 then letter _grade='F'; 
else if grade=l then letter_grade='D'; 
else if grade=2 then letter_grade='C'; 
else if grade=3 then letter _grade='B'; 
else letter _grade='A'; 
run; 

ODS rtf file='C:\Documents and Settings\Compaq_ Administrator\Desktop\ Thesis\ Thesis 
data\Paul\freqalg04miss.rtf BODYTITLE; 

proc freq data=finalalg04miss; 
tables letter _grade; 
title 'Grade count alg 04'; 
run; 
ODS rtf close; 

*Creating Correlations*

ODS rtf file='C: \Documents and Settings\Compaq_ Administrator\Desktop\ Thesis\ Thesis 
data\Paul\gpacorrgrade.rtf BODYTITLE; 

data finstats03miss; 
set thesis.finstats03miss; 
run; 
proc corr data=finstats03miss; 
var cum _gpa; 
with grade; 
run; 

ODS rtf close; 
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