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ABSTRACT

By developing a model from student information f i le s ,  predictions 

can be made about whether or not a student w il l  continue in college the 

next semester. Discriminant analysis uses variable and a ttr ibute  data 

to generate a linear function which when evaluated for individual 

students, produces a discriminant score. The student is then 

characterized as one that w il l  come back for the next semester, called a 

persister, or one that w il l  leave school, called a non-persister, 

depending on the value of the discriminant score. The resulting  

prediction may be used by college administrators and faculty members to 

identify  those students who are more l ik e ly  to leave an ins titu tio n .

i i i
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Chapter 1 

INTRODUCTION

An inevitable occurrence at any college or university is that a 

portion of the student body w ill  not return to that particular  

ins titu tio n  in subsequent terms. The reasons for this a t t r i t io n  are 

quite numerous and varied. While i t  seems impossible to pinpoint each 

student that w il l  a t t r i t ,  i t  would be advantageous to reg istrars,  

admissions personnel, academic advisors and other counselors to identify  

those students who are l ik e ly  to leave, so that, when appropriate, 

actions can be taken to increase the probability of persistence.

The results of previous studies on this  subject have not produced 

a generally accepted theory for persistence. In fact, many of the 

studies report drastica lly  opposing findings. For example, one study 

contends that financial aid w ill  keep students in school, but there are 

also studies that say financial aid has nothing to do with persistence. 

One issue on which there seems to be some agreement is the a b i l i ty  to 

predict persistence based on high school grade point average and high 

school rank in class (1 ). Other than that, no other predictors stand 

out.

A drawback to most studies done on student persistence is that the 

analyses were univariate. The interactive effects of the predicting 

variables are lost in these situations. For instance, an extensive 

study was completed at Colorado State University which tabulated



T-3999 2

persistence by sex, ethnicity , residency, and college separately (2 ).

The CSU paper isolated the variables, disregarding the effect of 

different combinations of the four categories mentioned. This thesis 

proposes a multivariate approach, using discriminant analysis, offering  

a more comprehensive description of the variables affecting persistence.

The sample populations studied consisted of students entering 

Colorado School of Mines as freshmen for the F a ll ,  1988 semester. 

Individual student data records were retrieved from the CSM VAX system 

in a manner which retained student confidentia lity . The data records 

consisted of demographic, academic, and financial information about each 

student in the sample group. Based on this information, a model was be 

constructed and predictions were be made about persistence of these 

students from the F a ll,  1988 semester to the F a l l , 1989 semester. 

O rig inally , the focus of this thesis was to forecast persistence from 

the F a ll ,  1988 semester to the Spring, 1989 semester but this objective 

was abandoned when i t  was discovered that a limited number of students 

l e f t  CSM at the semester break, not enough for analysis.
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Chapter 2 

OVERVIEW OF DISCRIMINANT ANALYSIS

Discriminant analysis is a s ta t is t ic a l technique with two general 

objectives. One objective is to determine an independent variable's  

effect on a response variable. A determination is made as to whether a 

specific variable has any effect on the outcome of the response variable 

and the importance of that e ffec t, i f  any. This is very similar to the 

purpose of regression analysis. The second objective of discriminant 

analysis is to classify real l i f e  cases into d is tin c t, mutually 

exclusive groups. This steps beyond the typical continuous prediction 

values derived from regression methods by predicting a discrete future 

outcome using a distance function as the main tool for c lass if ication .  

The c lass ification  aspect of discriminant analysis is most appealing 

when considering the d i f f ic u l ty  of predicting persistence in school, a 

discrete future outcome.

As with most s ta t is t ic a l techniques used on real data, certain  

assumptions must be met to rea lize  the maximum benefits of the analysis.

Discriminant analysis maintains its  own set of assumptions for the data.

These can be summarized as follows:

(1) Two or more groups: g > 2.
(2) At least two cases per group: nk > 2.
(3) Any number of discriminating 

variables, p, provided that i t  is less 
than the total number of cases minus 
two: 0 < p < (N -2 ).

(4) Discriminating variables are measured 
at the interval level
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(5) No discriminating variable may be a 
l inear combination of other 
discriminating variables.

(6) The covariance matrices for each group 
must be approximately equal.

(7) Group data must be drawn from a 
population with a multivariate normal 
distribution on the discriminating 
variables.

I f  the data and/or variables do not meet these assumptions, there 

w ill  be inaccuracies when deriving the discriminant function and a 

greater chance of misclassification. Of the assumptions, m ultivariate  

normality and equal group covariance matrices are the most formidable. 

However, and this may seem a b it  Machiavellian, a good classification  

percentage overshadows violations of the assumptions.

The underlying mathematical models used in basic discriminant 

analysis are simple linear functions, called canonical discriminant 

functions. These are in the general form:

f km = U„ + + U2XZkm + . . .  + UpXpkm

where,

f km = the value (score) of the canonical 
discriminant function for case m in 
group k

X̂ km= the value of the discriminating 
variable i for case m in group k

u, = coefficients which produce the desired 
characteristics in the function.

Furthermore, the maximum number of functions that can be computed 

is equal to the number of d is tinct groups minus one or to the number of
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discriminating variables, whichever is less. Also, the individual 

functions are mutually orthogonal.

The coefficients for each of the canonical discriminant functions 

are derived in such a way as to create the largest possible difference, 

or distance, between the averages of discriminant scores from distinct  

groups. A variation of Mahalanobis' distance function is used for this  

purpose. This distance is maximized by using several matrices composed 

of sums of squared deviations and cross products. Two of these 

matrices, T and W, have th e ir  elements defined as:

C jj = É  E  -  * i>  (Xjkm ~ *  j )
Jc=l m=l

wi3 = E Ê <*!*■ - *i*>Jc=l m=l

where,

g = number of groups
nk = number of cases in group k
N = total number of cases over

a ll  groups 
Xîkm = the value of variable i

for case m in group k 
X-k = group mean of variable i

for case m in group k 
X, = grand mean of variable i

for a ll  cases.

The diagonal elements of T, t -  where i and j  are equal, are sums 

of squared deviations from grand means for each variable while the other 

elements of T, t^  where i and j  are not equal, are products of



T-3999 6

deviations from the two separate variables' means. This matrix can be 

converted to a correlation matrix by dividing each element by the square 

root of the product of the corresponding diagonal elements. The 

covariance matrix for the data is arrived at by dividing each element by 

N - l .

While T describes a matrix that measures dispersion from grand 

means, the second matrix, W, is arrived at by computing distances from 

group means. The only difference between T and W is that group means 

are used instead of grand means. The W matrix considers only within 

group variation to define the relationship for each pair of variables.

A th ird  matrix, B, is arrived at by subtracting the elements of W 

from the elements of T. The B matrix then contains between groups sums 

of squares and cross products.

All of the information needed about the dispersion of the data is 

contained in W, the within groups matrix, and B, the between groups 

matrix. The matrices W and B are analogous to an analysis of variance 

(ANOVA) procedure decomposing sums of squared errors into a within group 

error component and a between-groups error component. The within-group 

matrix corresponds to unexplained variation from the predicted value 

while the between-groups matrix corresponds to the explained variation  

from the predicted value. To derive the coefficients of the canonical 

discriminant functions, a set of simultaneous equations is constructed 

from W and B in the form:
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É  bn vi = ^ Ë  wn vij= l i» l

P P52 »2jVi =  ̂ 52
j= l i= l

52 *pivi = x 52 ^pi^i "(3>i= l i= l

In these equations, A is a constant and the vi 's are the unknowns. The 

v / s  are the unstandardized coefficients for one of the canonical 

discriminant functions. A separate, unique set of coefficients is 

derived for each function.

I t  is useful to standardize the vî ' s to a form where the 

discriminant scores, f km, have a mean of zero and a within group 

variance of one. This makes the values of the discriminant scores 

comparable to one another. This is accomplished by the simple 

transformation:

p _
ui = vi  s/N-g  and uQ -  - Y '

i= l

"u0" defines the constant in the canonical discriminant function. These 

coefficients are always proportional to the coefficients computed by a
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multiple regression analysis run on the sample data with the same 

discriminating variables.

At this point, we are able to calculate discriminant scores, f km, 

by finding:

p
^km ~ U0 +
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Chapter 3

INTERPRETATION IN DISCRIMINANT ANALYSIS

Obviously, the previous computations are not going to be useful 

unless a meaning can be attached to the results. This section w ill  

outline some of the s ta tis tics  available for interpreting the canonical 

discriminant function and the coeffic ients, uf .

A s ta t is t ic  used to describe the strength of the relationship  

between the d is tinct groups and a canonical discriminant function is the 

canonical correlation coeffic ient, r .  I t  is computed by:

r  =

The canonical correlation coeffic ient is analogous to the coeffic ient of 

determination of a multiple regression procedure. Subsequently, the 

canonical correlation coeffic ient gauges the association between group 

means of discriminant scores and the a b i l i ty  of a function to 

discriminate between the groups. A large canonical correlation  

coeffic ient indicates that a canonical discriminant function is strongly 

related to group differences.

In regard to the coeffic ients, the ideal situation would be where 

they are on the same scale, that is, the largest coeffic ient has the 

largest effect on the response variables. This can be accomplished in
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two ways. The f i r s t  would be to standardize your data to the same 

scale, such as a mean of zero and a variance of one, before doing the 

matrix computations. The second way is much easier, particu larly  for 

large data sets. The u ,' s can be converted by calculating:

The c , ' s are structured in such a way that the largest coeffic ient  

corresponds to the most s ignificant variable and the smallest 

coeffic ient corresponds to the least significant variable.
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Chapter 4 

CLASSIFICATION OF CASES

There is more than one method for classifying cases into groups. 

Some methods use the actual raw data values of the discriminating 

variables to compute the distance between the groups and bypass the 

matrix algebra shown previously. These methods tend to be labor 

intensive when there are many cases. Other methods use only the 

discriminant scores and w il l  only create more work when there are not 

many test cases. Generally, the la t te r  methods are more useful.

One simple method of assigning a case to a group is based on a 

variation of Mahalanobis' distance function in the form:

D2 <F|G*> = ( f ja  -  ?*> ( f * .  -  7 * )

D2 can be interpreted as the squared distance from the mean of 

discriminant scores of one of the d is tinct groups. The case is then 

classified into the group to which that case is "closest."

Often a c lassification  matrix is tabulated to show the number of 

correct and incorrect classifications for each group. Another useful 

tool for looking at the quality  of your predictions is a s ta t is t ic ,  tau, 

that gives an estimate of the improvement in the prediction of group 

membership by using the discriminating variables compared to random 

assignment.



T-3999 12

Chapter 5 

OPTIONS IN DISCRIMINANT ANALYSIS

While this paper has described a generic format for discriminant 

analysis, there are subtleties that can be added to customize the 

analysis. A summary of those options are given below.

As in regression analysis, there are variable selection options. 

Some of these include forward and backward stepwise, Rao's V, between 

groups F, minimized residual variance, and Wilk's Lambda. Wilk's Lambda 

seems to be the most popular of these and often is used as an indication 

of univariate discriminating power for a particular variable.

There are a variety of other measures of c lassification accuracy 

than those mentioned previously. One of these is the te r r i to r ia l  plot, 

where the means of discriminant scores for each group and the actual 

discriminant scores are plotted on the same graph to physically display 

distances. This gets d i f f ic u l t  when there are many groups because of 

the dimension of the plot.

One last tool for increasing your c lassification  percentage is to 

attach a prior probability to each group. The probability resulting  

from the distance function is viewed in l ig h t of the prior  

probabilit ies , and distribution of the individual cases into the 

distance groups is guided to be nearly equal to the prior probabilities  

that have been set.
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Chapter 6 

THE SAMPLE DATA SET

A few years ago, the Colorado School of Mines structured a 

relational database for maintaining student information. The database 

contains data on each individual student who has been enrolled at CSM at 

any time beginning with the F a l l , 1988 semester. Because the database 

contains information on students entering CSM in F a l l , 1988 or la te r  but 

are not currently enrolled, a comparison between the members of these 

two groups is possible. This enables the application of discriminant 

analysis to characterize the difference between persisters and non- 

persisters.

The sample population consists of students entering CSM as 

freshman in the fa l l  of 1988. There are 385 students in this  

population, 325 of whom came back for the fa l l  of 1989 semester.

Beginning at the time of the ir  application to CSM, information is 

compiled on a student in three primary areas, demographic, academic and 

f in a n c ia l . Demographic data consists of family background, residence, 

citizenship, age, ethnicity  and gender. The academic f i l e  contains 

information on high school performance, ACT and SAT results, and college 

credit s ta tis tics  (transfer hours, attempted hours, earned hours, e tc . ) .  

Finally , the financial items include family income, loan balance, 

scholarships, and grants.

An ideal situation would be to have complete data records for each
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student, but this is not the case. There are missing data elements in 

many of the students' records. This has a big effect on variable  

selection as i t  would not be sensible to use a data element that was not 

a known entity  for the majority of the sample population. Along these 

l ines , much of the financial data was not retrievable in a form 

compatible with the rest of the data. I t  is believed that there was 

some loss of financial data in tegrity  from the VAX system to an external 

disk because of incompatible formats. For this reason, the only 

financial element used was the total of aid received for the school year 

(both semesters). This data came across in a usable format.

Other variables were eliminated for various reasons. A variable 

flagging students on a th le tic  scholarship was not used because no 

student was lis ted  as having a fu l l  scholarship. Academic minors, 

secondary majors, and marital status were dropped from the analysis 

because of missing data. Family size, parental marital status, and 

family incomes were no included because these fie lds  were not used for 

a ll  students in the sample population. A final set of variables that 

was eliminated were those relating to campus l i f e .  More specifica lly ,  

dormitory assignment and campus involvement were not located in the 

database.

The variables that were available for retr ieva l and analysis are 

contained in Table 1. The column of variable name abbreviations carries 

no significance but the variables w ill  be referred to by th e ir  mnemonic 

abbreviation a fte r  the f i r s t  reference to preserve space in the text of
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this paper. Some of the discriminating variables were recoded to adhere 

to the restrictions presented in Chapter Two, that is , they need to be 

numeric and quantified on an interval le v e l . The last column l is ts  the 

possible values of a variable a fter  the data were recoded.

With the data converted into a usable format, summary s ta tis tics  

were computed for each variable (see Table 2). One note on this table 

is that the mean of a binary variable can be interpreted as the 

percentage of cases in the specific group with a "I" value. An 

important aspect of the data that is highlighted by the means and 

standard deviations highlight is the variation between groups. A large 

difference in the means for persisters versus non-persisters for a given 

variable, about one standard deviation for this variable set, is a 

strong preliminary indication that the given variable w il l  be an 

integral part of discriminating between the groups. A variable with 

nearly identical means and standard deviations for the two groups is not 

l ik e ly  to contribute to the discrimination unless there is a strong 

interactive e ffect with another variable.

At this time, an explanation of c lassification performance is 

warranted. With two groups, there are four possible occurrences with 

regard to c lass if ica tion . The f i r s t  pair of outcomes are for a 

persister who is c lassified as either a persister or a non-persister.



T-3999 16

TABLE 1. Variab le L is t

VARIABLE NAME ABBRV

Persistence P

DESCRIPTION FORMAT

Enrollment at start Binary 
of semester

Date of Birth AGE Chronological age in Numeric
days

Gender SEX Medical gender Binary

Ethnic Origin Race Binary

Citizenship US Citizen by birth Binary

State ST State of residency Binary

Immigration IS
Status

Admissions MM
Index

High School HSR
Percentile

High School GPA HSG

ACT -  English A1

ACT -  Math A2

Current naturaliza- Binary
tion status

High school perfor- Numeric
mance calculation

Percentile rank in Numeric
graduating class

Cumulative high Numeric
school GPA

ACT test score Numeric

ACT test score Numeric

VALUES

0=Not 
enrolled 

l=Enrolled

1=11/06/57 
Range:1-5122

0=Female
l=Male

0=Caucasian
l=Not

Caucasian
9=Missing

0=No
l=Yes
9=Missing

0=Not
Colorado

l=Colorado
9=Missing

0=A1ien 
1=US Citizen

Range:87-147

Range:45-100

Range:2.640 
-4.000

Range:7-33

Range:13-36 
(continued)
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VARIABLE NAME

ACT -  Social 
Studies

ACT -  Natural 
Sciences

ACT -  Composite

SAT -  Verbal

SAT -  Math

SAT -  Total

ABBRV

A3

A4

AS

51

52

TABLE 1 -  continued

DESCRIPTION FORMAT

ACT test score Numeric

ACT test score

ACT test score 

SAT test score

SAT test score

S3 SAT test score

Numeric

Numeric

Numeric

Numeric

Numeric

Academic Action AA Institu tion  imposed Binary
sanctions

Major Field UD
Undecided

Major Field EG
Engineering

Major Field CR
Chem & Pet. Ref.

Major Field PH
Eng. Physics

Attempted Hours AH1
1st Semester

Earned Hours EH1
1st Semester

Quality Hours QH1
1st Semester

Declared or preferred Binary 
major

Declared or preferred Binary 
major

Declared or preferred Binary 
major

Declared or preferred Binary 
major

F a ll ,  1988 hours Numeric
applied for

F a ll ,  1988 hours Numeric
passed at least a D

Fall 1988 hours Numeric
taken for grade

VALUES

Range:4-33

Range:17-35

Range:16-32

Range:250
-740

Range:420
-770

Range:800
-1470

0=Not
sanctioned

l=Sanctioned

0=Not UD 
1=UD

0=Not EG 
1-EG

0=Not CR 
1=CR

0=Not PH 
1=PH

Range:12
-23.5

Range:3-23.5

Range:4.5 
-23.5

(continued)
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VARIABLE NAME

Quality Points 
1st Semester

Grade Point Avg 
1st Semester

Attempted Hours 
2nd Semester

Earned Hours 
2nd Semester

Quality Hours 
2nd Semester

Quality Points 
2nd Semester

Grade Point Avg 
2nd Semester

Total Awards

TABLE 1 -  continued

ABBRV DESCRIPTION FORMAT

QP1 Sum of grade times Numeric
credit hours for each 
course in F a ll,  1988

GPA1 GPA for a ll F a l l , Numeric
1988 courses

AH2 Spring, 1988 hours Numeric
applied for

EH2 Spring, 1988 hours Numeric
passed at least a D

QH2 Spring, 1988 hours Numeric
taken for grade

QP2 Sum of grade times Numeric
credit hours for each
course in Spring, 1988

GPA2 GPA for a ll Spring, Numeric
1988 courses

AWD Scholarship, loan and Numeric
grant sum for both 
semesters

VALUES

Range:3-81

Range:0.210
-4.000

Range:6-23

Range:l-21.5

Range:5-21.5

Range:3-79

Range:0.391
-4.000

Range:0
13391
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TABLE 2. Means and Standard Deviations

Variable Group Mean Standard Deviation N

AGE
0 4320.3 568.3 60
1 4362.6 511.2 325

ST

IS

MM

T0 TAr(AGE7 4356.0 ^ 1 9 .T 385

0 0.90 0.30 60
1 0.80 0.40 325

tOTAL(X) 0.81 0.39 385

0 0.86 0.35 59
1 0.82 0.38 324

TOTAL(E) 0.83 0.38 383

0 0.93 0.25 59
1 0.94 0.24 321

TOTAL(C) 0.94 0.24 380

0 0.58 0.50 60
1 0.78 0.41 310

TOTAL(ST) 0.75 0.43 380

0 0.93 0.25 59
1 0.93 0.25 325

TOTAL(IS) 0.93 0.25 385

0 112.8 9.2 47
1 115.2 11.0 221

TOTAL(MM) Ï14.8 10.7 268
(continued]
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TABLE 2 -  continued

Variable

HSR

HSG

A1

A2

A3

A4

AS

Group Mean Standard Deviation N

0 83.2 12.5 25
1 86.9 11.7 192

TOTAL(HSR) 86.4 11.8 217

0 3.430 0.292 25
1 3.590 0.349 195

TOTAL(HSG) 3.572 0.347 220

0 22.3 3.1 42
1 22.5 3.5 263

Total(Ai ) 22.5 3.5 305

0 26.4 4.3 42
i 27.4 3.7 263

Total(A2) 27.3 3.8 305

0 25.6 4.9 42
i 24.4 5.0 263

TOTAL(A3) 24.5 5.0 305

0 29.9 3.0 42
1 29.1 3.7 263

TOTAL(A4) 29.2 3.6 305

0 26.2 2.9 42
1 26.0 3.1 263

TOTAL(AS) 26.0 3.0 305
(continued)
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TABLE 2 -  continued

Variable

SI

S2

S3

AA

UD

EG

CR

Group Mean Standard Deviation N

0 495.6 87.1 39
1 504.2 84.3 195

TOTAL(SI) 502.7 84.6 234

0 613.8 75.4 39
1 616.2 75.9 195

TOTAL(S2) 625.8 75.7 234

0 1109.5 142.5 39
1 1120.1 133.2 195

Total(S3) 1118.3 134.6 234

0 0.28 .45 60
1 0.06 .24 325

TOTAL(AA) 0.10 0.30 385

0 0.27 0.46 60
1 0.22 0.42 325

TOTAL(UD) 0.23 0.42 385

0 0.33 0.48 60
1 0.38 0.49 325

TOTAL(EG) 0.37 0.48 385

0 0.12 0.32 60
1 0.12 0.33 325

TOTAL(CR) 0.12 0.33 385
(continued)
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TABLE 2 -  continued

Variable

PH

AH1

EH1

QH1

QP1

GPA1

AH 2

Group Mean Standard Deviation N

0 0.07 0.25 60
1 0.06 0.25 325

TOTAL(PH) 0.06 0.25 385

0 17.16 2.00 60
1 17.62 1.55 325

TOTAL(AH1) 17.55 1.63 385

0 13.52 3.98 60
1 15.54 2.80 325

Total( ehi ) 15.23 3.09 385

0 14.48 2.88 60
i 15.81 2.46 325

Total(q h i) 15.61 2.57 385

0 35.0 15.6 60
i 45.7 13.6 325

TOTAL(QPl) 44.0 14.4 385

0 2.335 0.740 60
1 2.852 0.612 325

TOTAL(GPA1) 2.772 0.660 385

0 16.13 2.20 60
1 17.12 2.02 325

Total(AH2) 16.97 2.08 385
(continued)
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Variable

EH2

QH2

QP2

GPA2

AVID

Note:

TABLE 2 -  continued

Group Mean Standard Deviation N

0 11.17 3.91 53
1 14.84 3.09 325

TOTAL(EH2) 14.32 3.46 378

0 13.48 2.95 54
1 15.66 2.40 325

TOTAL(QH2) 15.35 2.60 379

0 28.2 12.4 53
1 42.0 13.6 325

TOTAL(QP2) 40.1 14.3 378

0 2.089 0.774 60
1 2.659 0.690 325

T0TAL(GPA2) 2.579 0.729 385

0 1902.2 2873.5 60
1 2396.1 2936.6 325

TOTAL (AVID) 2319.1 2928.7 385

Group "0" refers to non-persisters and group "I" refers  
to persisters.
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The other two po ss ib ilit ies  are a non-persister classified e ither way. 

The most c r i t ic a l  outcome is that a non-persister is correctly  

identified  as a non-persister. The primary goal is to pinpoint 100 

percent of the non-persisters. Of course, th is  could be done by 

predicting each student as a non-persister. This brings up a second 

goal, which is to l im it  the number of persisters c lassified as non- 

persisters. I t  must be understood that these two goals are not 

mutually exclusive, but they can be inversely related. With that in 

mind, le t  us look at some discriminant analysis.

Referring to Table 2, i t  seems that the second semester earned 

hours (EH2) would be the best univariate predictor because the means for 

the two groups are the "farthest" apart, 1.1 standard deviations of the 

total sample population to be precise. Many of the variables have 

essentially  equal means, indicating a poor univariate prediction 

performance. Table 3 quantifies the c lassification performance of each 

variable individually . Note that the best overall c lass ification  rate, 

defined as the percentage of a ll  cases classified correctly, was turned 

in by the variable denoting academic action (AA) at 83.64 percent, 

however this variable predicted only 28.3 percent of the sixty non- 

persisters. Also, the highest percentage of correctly placed non- 

persisters camé from the variable representing immigration status (IS) 

at 93.3 percent. That appears good until the percentage of persisters 

correctly classified is realized to be 6.8 percent. Without complete
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TABLE 3. Univariate Classification Percentages 
Percentage of cases classified correctly

Variable Non-persisters Persisters Overall
AGE 30.0 (60) 73.5 325) 66.75 (385
X 90.0 (60) 20.3 325) 31.17 (385
E 86.4 (59) 17.9 324) 28.46 (383
C 6.8 (59) 93.8 321) 80.26 (380
ST 42.1 (57) 78.1 310) 72.48 (367
IS 93.3 (60) 6.8 325) 20.26 (385
MM 55.3 (47) 50.2 221) 51.12 (268
HSR 44.0 (25) 65.1 192) 62.67 (217
HSG 60.0 (25) 61.0 195) 60.91 (220
Al 52.4 (42) 47.5 263) 48.20 (305
A2 50.0 (42) 58.6 263) 57.38 (305
A3 69.0 (42) 47.1 263) 50.16 (305
A4 66.7 (42) 40.3 263) 43.93 (305
A5 52.4 (42) 51.0 263) 51.15 (305
SI 53.8 (39) 55.4 195) 55.13 (234
S2 43.6 (39) 53.8 195) 52.14 (234
S3 51.3 (39) 55.4 195) 54.70 (234
AA 28.3 (60) 93.8 325) 83.64 (385
UD 26.7 (60) 77.5 325) 69.61 (385
EG 66.7 (60) 37.5 325) 42.08 (385
CR 88.3 (60) 12.3 325) 24.16 (385
PH 6.7 (60) 93.5 325) 80.00 (385
AH1 51.7 (60) 63.1 325) 61.30 (385
EH1 65.0 (60) 64.0 325) 64.16 (385
QHI 63.3 (60) 62.5 325) 62.60 (385
QPl 65.0 (60) 64.0 325) 64.16 (385
GPA1 63.3 (60) 66.5 325) 65.97 (385
AH 2 60.0 (60) 62.2 325) 61.82 (385
EH2 67.9 (53) 74.5 325) 73.54 (378
QH2 72.2 (54) 66.5 325) 67.28 (379
QP2 73.6 (53) 69.8 325) 70.37 (378
GPA2 64.2 (53) 69.2 325) 68.52 (378
AWD 28.3 (60) 93.8 325) 83.64 (385

Note: The number of parentheses next to each percentage is 
the total number of cases in the group without a 
missing value for that variable.
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ob jec tiv ity , the author contends that EH2 and second semester quality  

point (QP2) are the best univariate predictors. Each of these variables 

perform at about seventy percent overall and is not biased toward one 

group or the other.
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Chapter 7 

MULTIVARIATE ANALYSIS

By employing the idea that more information w il l  y ie ld  better  

results than those produced by the univariate analysis, the next logical 

step would be to use several variables at once and thus add interactive  

effects to the c lassification model computations. I t  would be nice to 

check out a ll  possible combinations of the variables but, due to the 

number of independent variables, this is not re a l is t ic .  The th i r ty -  

three variables have 8,589,934,591 combinations, just a few more that a 

sane person would be w illing  to analyze. A more in tu it iv e  approach is 

necessary.

One starting point is to use a ll  of the independent variables to 

discriminate between the persisters and non-persisters. This figures to 

include a ll  available information, but actually i t  does not.

Discriminant analysis cannot use any records with missing data. Putting 

this another way, only complete data records can be used to compute the 

canonical discriminant function. As i t  turns out, only seventy-five 

students in the sample population have complete data records, 

sign ifican tly  reducing the number of usable cases. For these usable 

cases, eight students did not persist. All eight of these students were 

classified correctly by discriminant analysis and only three of the 

sixty-seven persisting students were classified as non-persisters. This
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translates to an impressive overall rate of 96.0 percent (see Table 4, 

Analysis 1).

To increase the number of cases used to compute the canonical 

discriminant function, independent variables that had missing values for 

many of the sample cases were excluded. The f i r s t  variables to be 

eliminated from the analysis were the admissions index (MM), high school 

rank percentile (HSR), and high school grade point average (HSG). The 

results of taking these variables out of the analysis are predictable. 

The number of cases with complete data records increased to 158, 

including eighteen non-persisters. The c lassification  rate for non- 

persisters dropped to 77.8 percent. The overall rate fe l l  to 88.61 

percent (see Table 4, Analysis 2).

Another analysis employing the exclusion of variables with missing 

values for many students contained only three variables; HSG, f i r s t  

semester grade point average (GPA1), and second semester grade point 

average (GPA2). The cases in this run numbered 214 and the non- 

persister c lassification  rate f e l l  to 73.7 percent (see Table 4,

Analysis 3).

The remaining analyses lis ted  in Table 4 are results of 

discriminant analyses using the stepwise variable selection method, 

Wilk's lambda. This method incorporates both forward selection and 

backward elimination. Two points should be made about using a stepwise 

method. F irs t,  the in tu it iv e  approach of variable selection is not 

to ta l ly  eliminated. The analyst must s t i l l  choose the beginning
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Analysis
Number

1

2

3

4

5

6

TABLE 4. M u ltiv a ria te  C las s ific a tio n  Percentage

Beginning 
Variables

All

All except 
MM, HSR, and 
HSG

HSG,GPA1,
GPA2

AGE,X,E,C,
ST,IS,AH1, 
EH1,QH1,QP1, 
GPA1,AH2,EH2, 
QH2,QP2,GPA2,
AA

AGE,X,E,C,
ST,ISjAHl,
EH1,QH1,QP1, 
GPA1,AH2,EH2, 
QH2,QP2,GPA2, 
AWD,UD,EG,CR,PH

Ending 
Variables

All

All except 
MM, HSR, and 
HSG

HSGjGPAl, 
GPA2

Percentage of Cases 
Wilk's Classified Correctly 
Lambda N-P P Overal1

No 100 ( 8) 95.5( 67) 96.00

No 77.8( 18) 90.0(140) 88.61

No 73.7( 19) 71.3(195) 71.50

AGE,E,ST,AH1, Yes 71.4( 49) 83.5(309) 81.84
AH2,EH2,AA

AGE,E,ST,AH1, Yes 73.5( 49) 82.2(309) 81.01
QH2,GPA2,AA,
UD,CR,PH

E,ST,EH1,QH1, Yes 78.8( 33) 84.0(188) 83.26
AH2,EH2,QH2,

AGE,X,E,C,ST,
IS,AH1, EH1,
QHI,QP1,GPA1, AA,S3 
AH2,EH2,QH2,
QP2,GPA2,AWD,
AA,S1,S2,S3

AGE,C,E,C,ST, AGE,EH2,QH2, Yes 76.9( 26) 87.5(136) 85.80
IS,AH1, EH1, AA,S1,MM 
QHI,QP1,GPA1,
AH2,EH2,QH2,
QP2,GPA2,AWS,
AA,S1,S2,S3,MM

(continued)
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TABLE 4 -  continued

Percentage of Cases 
Analysis Beginning Ending Wilk's Classified Correctly
Number Variables Variables Lambda N-P P Overall

8 AGE,X,E,C,ST, AGE,ST,QH2, Yes 75.0( 24) 87.3(134) 85.44
IS,AH1,EH1, QP2,GPA2,AA
QHI,QP1,GPA1,
AH2,EH2,QH2,
QP2,GPA2,AWS,
AA,UD,EG,CR,
PH,SI,S2,S3,MM

9 AGE,X,E,ST,IS, AGE,EH1,QH1, Yes 83.3( 12) 89.4(104) 88.79
C,AH1,EH1,QH1, AH2,QH2,AWD,
QP1,GPA1,AH2, AA,SI,HSR,HSG
EH2,QH2,QP2,
GPA2,AWS,AA,S1 
S2,S3,MM,HSR,
HSG

10 AGE,X,E,C,ST, AGE,AH2,QH2, Yes 75.0( 12) 88 .2( 93) 86.67
IS,AH1, EH1, S3,HSR,HSG,
QHI, QPl,GPA1, A2 
AH2,EH2,QH2,
QP2,GPA2,AWD,
AA,S1,S2,S3,
MM,HSR,HSG,Al,
A2,A3,A4,A5

Note: The number in parentheses next to each percentage is the total
number of cases in that group. Case "N-P" refers to non-persisters 
and case "P" refers to persisters.
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variable set. Second, by establishing a significance level for the 

inclusion of an independent variable during calculation of the canonical 

discriminant function, the function w ill  be simplified due to the 

decreased number of variables.

A look at the overall c lassification rates in Table 4 for the 

analyses employing the Wilk's lambda variable selection method shows 

each percentage to be greater than eighty percent, roughly ten percent 

better than the best univariate predictors. Three variables, age (AGE), 

second semester quality hours (QH2), and AA, were common to nearly a ll  

of the analyses, affirming the significance of these variables for  

discriminating between persisters and non-persisters.

Table 4 is by no means an exhaustive l i s t  of analyses performed on 

the sample data. Only those analyses surpassing the c lass ification  rate 

of the best univariate predictors, EH2 and QP2, are shown. Some 

interesting exclusions from the table include analyses of the following 

variable sets:

1) Only high school academic data.
2) Only post-high school academic data.
3) All academic data (high school and 

college).
4) Only demographic data.
5) Demographic and high school academic 

data together.
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Chapter 8 

DETAILED ANALYSIS

While this paper has only dealt with end results up to this point, 

there is much more information available to the analyst than just  

classification  rates. The ninth analysis in Table 4 produces the best 

non-persister c lassification  rate, with the exception of the analysis 

including a ll  variables, and this run has been chosen for a more 

comprehensive look. Discriminant analysis was performed on the sample 

data using the SPSS/PC+ software package. The program was directed to 

prin t a l l  s ta t is t ic a l  options.

The f i r s t  set of options are summary s ta t is t ic s . The mean and 

standard deviation for each independent variable are calculated for 

those cases without any missing values. There are eighty-two such cases 

in this example. These values can be found in Table 5.

Next, covariance matrices are tabulated for each group and for the 

entire population. A significance test is run for the equality of the 

two separate group covariance matrices only i f  both matrices are non

singular. The covariance matrix for the non-persisters is singular and 

thus the test was not run. The only ramification of this situation is 

uncertainty as to whether or not the data from the two groups come from 

similar multivariate distributions. These covariance matrices are not 

used in computation of the canonical discriminant function.
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TABLE 5. Analysis Nine -  Means and Standard Deviations 
Variable Group Mean Standard Deviation

AGE
0 4558.3 101.2
1 4388.5 240.1

TOTAL(AGE) 4405.1 235.4

0 0.75 0.46
1 0.76 0.43

TOTAL(X) 0.76 0.43

0 0.88 0.35
1 0.85 0.36

TOTAL(E) 0.85 0.36

0 1.00 0.00
1 0.96 0.20

Total(C) 0.96 0.19

0 1.00 0.00
i 0.97 0.16

Total(ST) 0.98 0.16

0 1.00 0.00
i 0.96 0.20

r o m T is ) ...... 0.93 0.19

0 114.3 8.0
i 117.2 11.4

TOTAL(MM) 116.9 11.1
(continued)
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Variable

HSR

HSG

SI

S2

S3

AA

TABLE 5 -  continued

Group Mean Standard Devi;

0 87.0 6.9
1 85.5 13.1

Total(hsr) 85.6 12.6

0 3.420 0.227
i 3.542 0.379

TOTAL(HSG) 3.530 0.368

0 475.0 85.2
1 496.4 88.5

TOTAL(SI) 494.3 87.9

0 607.5 82.9
1 609.1 80.3

M A L  (S2) 608.9 80.0

0 1082.5 162.1
1 1105.4 149.6

TOTAL(S3) 1103.2 149.9

0 0.13 0.35
1 0.04 0.20

TOTAL (AA) ÔTÔ5 0 2

(continued)
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Variable

AH1

EH1

QHI

QPl

GPA1

AH2

TABLE 5 - continued

Group Mean Standard Dev

0 17.75 7.46
1 17.73 1.71

Total(a h i) 17.73 1.68

0 14.44 4.35
1 15.34 3.28

TOTAL( EH1) 15.25 3.38

0 14.50 4.40
1 15.69 2.88

TOTAL(QHI) 15.57 3.05

0 39.4 16.4
1 45.5 14.6

total(QPi ) 44.9 14.8

0 2.568 0.658
1 2.855 0.663

TOTAL(GPA1) 2.826 0.664

0 16.25 3.28
1 17.35 2.24

Total (AH2 ) 1 7 . 2 4  0 6

(continued)
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Variable

EH2

QH2

QP2

GPA2

AWD

TABLE 5 -  continued

Group Mean Standard Devi at

0 11.56 4.97
1 15.00 2.87

TOTAL(EH2) 14.66 3.25

0 13.06 3.96
1 15.80 2.24

T0TAL(QH2) 15.54 2.56

0 29.7 13.9
1 43.2 13.4

TOTAL(QP2) 41.9 14.0

0 2.186 0.929
1 2.709 0.658

TOTAL(GPA2) 2.658 0.700

0 1254.8 2059.9
1 2162.7 2345.9

Total(awd) 2 0 7 4 . 1  2 3 2 3 . 8

Note: Group "0" refers to non-persisters and group "1" refers 
to persisters.
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At this point, a table is constructed that outlines the 

significance of the individual variables taken univariate!y (see Table

6). The variable with the largest F -ra tio , QH2, is interpreted as the 

most discriminating variable and w ill  be the f i r s t  variable entered into 

the canonical discriminant function using the Wilk's lambda variable  

selection method.

TABLE 6. Univariate F-Values

VARIABLE F-VALUE SIGNIFICANCE

AGE 3.89 0.052
X 0.00 0.967
E 0.03 0.860
C 0.33 0.567
ST 0.22 0.643
IS 0.33 0.567
MM 0.50 0.482
HSR 0.10 0.749
HSG 0.79 0.377
51 0.42 0.517
52 0.00 0.959
53 0.17 0.684
AA 1.10 0.298
AHI 0.00 0.974
EH1 0.51 0.477
QHI 1.10 0.297
API 1.20 0.277
GPA1 1.35 0.249
AH2 1.58 0.212
EH2 8.83 0.004
QH2 9.09 0.003
QP2 7.30 0.008
GPA2 4.20 0.044
AWD 1.10 0.297

After QH2 is entered into the function on the f i r s t  step, an "F- 

to=remove" value is attached to the variable. This is a measure of its  

current significance as a part of the canonical discriminant function.
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After each ite ra tio n , this value w ill change based on the effect of

adding or deleting another variable from the function.

At the second step, the discriminating power of each variable is 

recalculated, but is now contingent on QH2 being in the model. Again, 

the variable with the largest F-ratio  is entered, in this case AGE. "F- 

to-remove" significance levels are computed for both AGE and QH2.

This algorithm is repeated until the F-ratios of a ll  variables not 

in the model are less than a pre-determined tolerance leve l. A value of

"one" is used here. Also, i f  at any time an "F-to-remove" value is less

than a separate tolerance leve l, the variable associated with that F- 

s ta t is t ic  is removed from the function. The tolerance levels of "one" 

come from the default settings in SPSS/PC+ and translate to about an 

eighty-five  percent significance requirement for variable inclusion or 

removal. An outline of the sequence of variable selection is shown in 

Table 7.

TABLE 7. Variable Selection Summary

STEP ENTERED REMOVED

1
2
3
4
5
6 
7

QH2
AGE
GPA2
AH2
HSG
HSR

GPA2
(continued)
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TABLE 7 -  continued

STEP ENTERED REMOVED

8 QHI
9 SI

10 AWD
11 AA
12 EH1

Now that our variable set is paired down to those variables 

meeting the significance c r ite r io n , unstandardized coefficients are 

calculated for each variable included in the canonical discriminant 

function. The fina l model is:

f km = .0Q243*AGE + .111*HSR -  4.35*HSG + .00384*51 
+ 1 .87*AA + 3.29*EH1 -  4.16*QH1 + 2.76*AH2 -  
4.46*QH2 -  .000127*AWD -  3.03

Actual case values were used to evaluate the function and compute the

discriminant score, f km, for each student. An average of the

discriminant scores was taken for each group; that is , one for

persisters and one for non-persisters. The discriminant score average

for persisters in the sample population was -.236 and the average for

non-persisters was 2.182.

Inferences can be drawn about the variables in the function by 

looking at the coeffic ients. Because a ll of the sample data are 

positive, high raw data values for those variables with positive  

coefficients contribute to a higher discriminant score, indicating non- 

persistence. S im ilarly , low raw data values for those variables with 

negative coefficients keep the discriminant score higher. From these 

two statements, a p ro file  of the "typical" non-persister can be drawn.
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Keep in mind that this model is not conclusive and that the adjectives 

in the next paragraph are used to compare an individual student with 

his/her classmates.

The non-persisting individual is young, was in an upper percentile  

of his/her high school graduating class but had a low cumulative high 

school grade point average compared to his/her CSM classmates, had a 

high verbal SAT score, has done poorly enough in college to warrant 

academic action of some sort, had high earned hours in the f i r s t  

semester and high attempted hours in the second semester but has low 

quality  hours in both semesters, and did not receive much financial aid.

Basically, the student is classified into the group with an 

average closer to the student's discriminant score, although a 

probability is attached to the prediction. Table 8 summarizes the 

classification  of individual cases. Notice that case number 52 has a 

discriminant score of -6.067, almost assuredly indicating persistence. 

This student did not persist, perfectly i l lu s tra t in g  an unexplainable 

anomaly for this model.

A graphical i l lu s tra t io n  of the c lassification of cases is 

displayed in the te r r i to r ia l  plot in Figure 1. The histogram shows 

where the discriminant scores of the individual cases are located in 

relation to the c lassification ranges and group means. The row of 

numbers below the x-axis re f le c t  the prediction that w il l  be made for
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TABLE 8. Individual Case C la s s ifica tio n

DISCRIMINANT PREDICTED ACTUAL DISCRIMINANT
CASE SCORE GROUP GROUP CASE SCORE

I -0.881 1 1 59 0.028
2 -0.313 1 1 60 3.521
3 0.354 1 1 61 -0.357
4 -1.599 1 1 62 0.117
5 -0.319 1 1 63 1.029
8 -0.015 1 1 64 -1.363
r 0.783 1 1 65 -1.388
8 —0.474 1 1 66 1.983
9 0.427 1 1 67 -0.600

10 1.304 1 68 0.154
11 -0.918 I 1 69 -0.013
12 -0.600 I 1 70 -0.936
13 -0.352 1 I 71 -0.741
14 -0.451 1 72 -2.115
13 0.167 1 1 73 -0.364
IS 1.512 0 I 74 1.304
IT I .326 0 I 75 -0.419
18 1.573 0 1 76 -1.333
19 0.672 1 1 77 -0.992
20 -0.332 L 1 78 0.243
21 -0.127 1 I 79 -1.372
22 -0.492 L 1 30 -1.542
23 -2.429 L 1 31 -0.162
24 0 : 048 1 I 32 -0.440
25 1.305 83 -0.936
26 -0.649 1 I 34 -0.572
27 -0.380 L L 35 -0.516
23 -1.920 1 I 86 -0.138
29 -1 .596 I 1 87 -0.462
30 -0.480 1 1 38 -0.390
31 0.172 I 1 39 -1.300
32 -1.155 L 30 0.476
33 1.623 I 91 -0.373
34 -0.711 1 1 32 - I .  732
33 -1.460 I 1 93 -0.127
3R I .589 1 94 0.453
37 -0.687 1 1 95 -0.182
38 -0.154 1 1 96 -0.912
39 -0.537 L 1 97 -0.397
40 -0.234 1 1 98 1.722
41 0.717 1 1 99 1.715
42 -2.019 1 1 100 -0.452
43 0.871 I 1 101 0.063
44 1.231 102 -1.325
45 1.341 1 103 -0.587
46 -1.176 1 1 104 -0.359
47 0.609 1 1 105 0.133
48 -2.274 1 1 106 0.144
49 0.329 L I 107 1.238
30 - 0 .6 1 8 1 1 108 -1.298
51 -1.435 1 1 109 -0.581
52 -6.067 I 110 0.304
53 0.438 I 1 111 4.091
54- 2.745 112 1.767
55 - 0 .3 3 5 1 1 113 0.105
56 1.340 1 114 -2.142
57 - I .139 I 1 115 -1 .114
58 0.066 I I 116 1.284

GRO
CTED ACTUAL 
UP GROUP

I 
0

Note: Group "0" refers to non-persisters and group "1" refers to 
persisters.
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FIGURE 1. Casewise T err ito r ia l Plot
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cases having a specific value. This shows the borderline between 

predicting a persister, 2, or a non-persister, 1, to be about 1.2 or 

1.4. The next row shows where the discriminant score group means for

the two groups are situated.

F ina lly , a c lassification results table is constructed. This 

gives numbers of cases and correct classification rates for d ifferent

result combinations (see Table 9). Seen here are the impressive

class if ica tion  rates generated by the ninth analysis in Table 4 that 

were alluded to e a r l ie r .
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Note:

TABLE 9. C la s s ifica tio n  Results Table

Number of Predicted Group
Cases 0 1

0 12 10 2
83.3% 16.7%

1 104 11 93
10.6% 89.4%

Actual
Group

The percent of cases classified correctly: 88.79%.

A aTm iL LAKE) LIBRABÏ 
COLCemDO SCHOOL <d M INEt
GOLD.im. COLORADO 80401
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Chapter 9 

CONCLUSION

The work presented here is a stepping stone for future research on 

the topic of persistence. Subsequent studies may fa l l  into two 

categories. F irs t,  the future analyst could test the v a lid ity  of this  

model by imposing the canonical discriminant function on future data. 

This may give insights into the evolution of reasons for a t t r i t io n  over 

a period of years. Second, the sample population could be modified to 

suit the researcher's objectives. Instead of following students from 

one year to the next, the purpose of the study could be to predict 

persistence through a ll  four or five years of college or any other 

special interest that may present i ts e l f .

Whatever the case, i t  is possible to s ign ificantly  improve upon 

random prediction of student persistence through the use of discriminant 

analysis.

One last note to future researchers is the importance of a

complete database for optimal performance of discriminant analysis. To

this end, i t  is recommended that the analyst verify  the in tegrity  and 

completeness of the sample data before choosing a variable set, thereby 

avoiding delays and dead-ends during the course of the study.
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