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The ability of universities and colleges to predict the success of admitted students continues to be a key concern of higher
education officials. Apart from a desire to see students have successful academic careers, there is also the fiscal reality of
greater tuition revenues providing needed support for university budgets. Using administrative data, this article introduces
a relatively new empirical approach to estimating the determinants of student success in post-secondary institutions. Using
Ordered Logit and Generalized Ordered Logit estimators, we estimate the role a number of key factors play in influencing
student success. As a test of robustness we also use the feologit estimator which is designed to fit fixed effects ordered logit
models. An important feature of our approach to determining student success is that it can be conducted using readily avail-
able administrative data. While the results are based on one institution, we feel there are useful lessons for other institutions

facing similar student performance issues.
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Résumé

Pour les responsables de 'enseignement supérieur, la capacité des colléges et universités a prévoir la réussite des étudiants
admis demeure une préoccupation constante. Derriere le souhait de voir les étudiants réussir leur parcours d’études, il y a
également la réalité financiére nécessitant d’accroitre les revenus tirés des frais de scolarité afin de soutenir le budget des
universités. Pour évaluer les facteurs déterminants de la réussite des étudiants dans les établissements d’enseignement
postsecondaires, nous avons introduit dans cet article une approche empirique relativement nouvelle fondée sur des données
administratives. Grace a des estimateurs logit ordonné et logit ordonné généralisé, nous avons évalué I'influence d’un certain
nombre de facteurs sur la réussite des étudiants. En guise de test de robustesse, nous avons également utilisé I'estimateur

« feologit », congu pour s'adapter aux modeles logit ordonné a effets fixes. L'aspect important de notre approche est qu’elle
peut se fonder sur des données administratives aisément disponibles pour déterminer le succes des étudiants. Et bien que
nos résultats ne reposent que sur une seule université, nous pensons qu'ils seront riches d’enseignements pour d’autres
établissements confrontés aux mémes enjeux posés par la réussite des étudiants.

Mots-clés : logit ordonné généralisé, réussite étudiante, universités, colleges

Introduction

The ability of universities and colleges to retain previ-
ously admitted students continues to be a concern of
higher education officials. Apart from a desire to see
students have successful academic careers, there is the
fiscal reality of higher tuition revenues providing needed
support for university budgets. This desire has spurred a

large number of researchers to examine the factors that
influence the student performance in higher education,
by examining issues related to graduation, stop out and
withdrawal.!

A number of approaches have been taken to esti-
mate the relationship between student characteristics,
institutional support and student performance. One ap-
proach is to predict the retention or withdrawal rates of
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students using survival analysis, also called an event
history study. Survival analysis is the branch of statis-
tics that examines time to a significant event.? In higher
education, the event might be the time to withdrawal,
either permanent or temporary, or time to graduation.?
The type of survival analyis used depends on the na-
ture and frequency of the data. Continuous time models
are based on frequent observations, while discrete time
methods are seen as more appropriate for studies of
higher education, given that data on post-secondary stu-
dents is collected on a semester or annual basis. While
addressing student performance using discrete time sur-
vival analysis can yield helpful insights, the approach re-
quires signficant data preparation as well as the need to
address the issue of competing risks regarding student
outcomes.*

Another approach used to explain the academic out-
comes of students are bivariate or multinomial choice
models. These models relate the different student out-
comes to a number of student characteristics as well as
the level of institutional support.® A shortcoming of bi-
variate or multinomial models is they ignore the ranking
of alternative student outcomes, for example graduation,
continuation, or withdrawal. The fact that multinominal
models do not rank outcomes is at odds with the fact
that students and university officials have a sense that
a student's performance can be ranked with graduation
preferable to continuation, which is preferable to with-
drawal.®

This article builds on the latter approach by examin-
ing the factors that determine the relative success of stu-
dents at one post-secondary institution. Our objectives
are two-fold; first to discuss the Generalized Ordered
Logit estimator, and second to apply it to a unique data
set to identify the key determinants of student success
at a mid size liberal arts institution. The central research
question is to determine the factors that influence the
graduation, continuation, or withdrawal of previously
admitted students. In doing so, we develop a relatively
novel approach that, as far as we know, has not been
widely used in the higher education literature. Specifi-
cally, we use both an Ordered Logit and Generalized Or-
dered Logit model to determine the factors that can lead
to greater success in university or college.” In defining
relative success, we assume the student outcomes can
be ranked ordinally, with graduation the highest ranked
outcome, followed by continued enrolment, with perma-
nent withdrawal as the lowest ranked outcome.

In order to address the issue of the factors influenc-
ing student success using a number of alternative es-
timators, we use a unique data set that includes infor-
mation on the subsequent performance at the University
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of Winnipeg of students from 83 Manitoba high schools,
drawn from 31 Manitoba school divisions. By tracking
their performance over time, we determine the likelihood
of success of students enrolled at the University of Win-
nipeg, based on their initial academic performance as
well as a number of characteristics, including their high
school grades, the nature of their high school education,
and financial support.

Our article differs from previous work in sever-
al ways. First, we track students from several entering
classes over a five year period.® This allows us to record
whether students graduated, continued or withdrew from
the university within that period.® Second, our data set
only involves students that graduated from Manitoba high
schools, which are governed by a province-wide curric-
ula and employ provincially certified teachers.® Third,
our data set includes a significant number of covariates
that can assist us in identifying the types of students that
may be more successful.! In addition, our data allows us
to examine the effect of a student's high school grades,
the nature of the student’s high school (whether private
or public), as well as its funding level, on post-secondary
success. Fourth, by using an Ordered Logit Model and
Generalized Ordered Logit model, we develop a simple
framework for evaluating the determinants of students
success using commonly collected administrative da-
ta.’? We feel the Generalized Ordered Logit model is a
flexible estimator that can be easily applied by unversity
officials even in settings where student data is limited.*®
Fifth, in forecasting student success, we only use data
on the respective covariates one year after admittance.*
Finally, we examine the determinants of success for sev-
eral student types, which include visa students, students
who were granted permanent resident status in Canada,
and students self-identified as Aboriginal.*®

Our findings are the following. First, we find a stu-
dent's first-year performance is a key indicator of student
success. We also find that students pursuing an educa-
tion degree, students entering with better high school
grades, or students who took a larger number of full
course equivalents in their first year were more success-
ful. We find little evidence of significant high school fixed
effects on student success. In addition, we find that the
parallel lines/proportional odds assumption assumed in
the standard Ordered Logit model does not hold for sev-
eral covariates. To account for this violation, we re-es-
timate the model using the Generalized Ordered Logit
model as discussed by Williams (2006, 2016). We find
the odds ratios associated with several regressors differ
significantly with respect to the different categories of
success. While our results apply to one university, we
feel the results can be applied to a wide range of institu-
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tions that share similar academic structures and similar
information gathering.1®

A Brief Literature Review

Anumber of researchers have examined the factors that
influence the retention of college students. Using data
on full time community college freshmen, Dey and Astin
(1993) find few practical differences between analyses
conducted using logit, probit, or linear regression. They
find the strongest predictor of retention was a student’s
high school average, with concern about finances, a de-
sire to make more money, and preparation for graduate
school also playing a significant role.”

Montmarquette et al. (2001), using a bivariate pro-
bit model with selectivity bias, find that strong academic
performance in the first semester, as well as a smaller
class size in first year mandatory courses, help explain
the persistence of the university students. Singell (2004)
uses a random utility approach and data on in-state and
out-of-state freshmen to examine whether financial aid
affects college retention. Singell finds that while need-
and merit-based financial aid increase retention, in-
creasing reliance on unsubsidized and merit-based aid
by the government and universities lowers the relative
graduation rates of needy students.®

Herzog (2005), using a multinominal logit model,
finds that middle-income students with financial chal-
lenges are more at risk of dropping out, while first-year
math experience, second-year financial aid, and simul-
taneous enrolment at another college or university are
important determinants of student retention. In contrast,
Arulampalam et al. (2005), using a binomial logit model
and a large data set of UK undergraduate students, find
that weaker students are more likely to drop out during
their first year of study. They also find that that better
prepared students are less likely to leave highly ranked
universities, while weaker students at the same univer-
sities face significant pressure to do so.

Stratton et al. (2008), using a multinomial logit ran-
dom utility model and data from the National Center for
Education Statistics, find that delayed matriculation, the
nature of first-year aid received, and marital and person-
al status have a significant effect on whether a student's
academic career is interrupted. They find that a substan-
tial fraction of withdrawals are temporary, and the nature
of the financial aid has a significant effect on whether a
student continues or drops out.

Danilowicz-Gdsele et al. (2017) use a Probit model
and administrative data from a German university and
find that student success, defined as graduation, differs
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significantly by faculty. They find a student's entering
grade is a strong predictor of academic success, while
measures of parental income or social background do not
add significantly to the explanatory power of the model.*®
Similarly, Heck et al. (2012) examine the determinants
of student success using an ordered logit model with the
outcomes ordered from drop out to continued enroliment
to graduation from high school.?? Using data from 6,883
students from 934 high schools, they find that lower lev-
els of socioeconomic status or high absenteeism raise
the log of the odds of dropping out or remaining enrolled
in high school (Heck et al., 2012, p. 298).

Regarding our policy contribution, while examining
higher education issues using administrative data is not
new, a goal of our research is to help university officials
address retention issues. While estimators like survival
analysis can help institutions identify students at risk,
they require significant data preparation and relatively
highly skilled administrative staff to implement. In con-
trast, we feel the Generalized Ordered Logit approach
requires less sophistication in terms of data collection,
data preparation, and model estimation. In addition, we
argue a Generalized Ordered Logit approach can help
predict which type of students are at risk, despite only
using data from a student’s first year university perfor-
mance. We feel this reduced administrative burden, as
well as model parsimony, can be useful to higher educa-
tion administrators concerned with student retention and
performance.

Possible Hypotheses

Along with much of the literature, we assume that a
student’s high school grades are a strong predictor of
university performance (Cyrenne & Chan, 2012). Re-
garding gender, recent academic research suggests that
in recent years, females are outperforming their male
counterparts, both at the high school and post-secondary
level (Cohn et al., 2004). We suspect that certain types of
students may face obtacles in their pursuit of higher ed-
ucation. For example, Richardson and Blanchet-Cohen
(2000) provide a comprehensive analysis of the chal-
lenges facing Aboriginal students and discuss a number
of issues that need to be addressed to support Aboriginal
students in post-secondary education programs.
Regarding the high school effect, it is possible the
subsequent performance of Manitoba high school stu-
dents is affected by the resources spent on their high
school education (rexpenditure), as well as the non-pe-
cuniary features of the high school (academic standards,
discipline).? For example, a common perception is that
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students from private high schools perform better at the
University of Winnipeg quite apart from differences in
high school resources.?? We separate these two effects
by recording both school expenditures and whether the
student graduated from a public or private school, and
whether the private school was religious-based or sec-
ular.? Financial variables, which can include family in-
come support, bursaries, and scholarships, are viewed
as very important in helping students succeed in their
post-secondary studies.?* However, given the Universi-
ty of Winnipeg does not record the student’s financial
background upon admittance, we use as a proxy the me-
dian family income of the postal code that is listed as the
student’s permanent address (rincome). We also include
information regarding the choice of major by students.
For example, we use dummy variables to indicate wheth-
er a student did not declare a major (degnoinfo) or were
admitted to the Education program prior to enrolling at
the University of Winnipeg (degedu).?

The Estimation Procedure

The first step in the estimation procedure is to define
what is meant by student success in higher education.
We assume the highest ranked outcome is graduation
(coded as 3), followed by continued enrolment (coded as
2), and finally withdrawal as the lowest ranked outcome
(coded as 1), all within the five-year period.?

In order to estimate the determinants of the above
rankings of student outcomes we use both an Ordered
Logit Model and a Generalized Ordered Logit model. An
Ordered Logit model is designed to estimate the the un-
derlying score (the ranking of outcome) as a linear func-
tion of the independent variables and a set of cutpoints.
Specifically, “the probability of observing outcome i
corresponds to the probability that the estimated linear
function, plus random error, is within the range of the
cutpoints estimated for the outcome.””

As outlined by Williams (2008), the standard Ordinal
Logit model (ologit) can be written:

. exp(a; + X;8 o )
P(Y; =) =g(XpB) =m, j=12,...,M—-1
The standard model is sometimes called the parallel
lines/proportional odds model.?

The Generalized Ordered Logit model (gologit) we
feel is computationally feasible and yields improved es-
timates of the marginal probability effects over the stan-
dard model, which can be written as
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exp(a‘j + X”G'j)

P(Y; > ) = g(XB;) :mr

j=12 . M =1

As can be seen, the difference is that in the standard
Ordinal Logit model, the B’s are constrained to be equal
across categories, that is, for each value of j.2 As sug-
gested by Williams (2006), the parallel lines assumption,
or fixed B’s across categories, is often violated. In the
case where the (3's vary across categories, the proba-
bilities that the dependent variable Y will take on the re-
spective values, 1,...,M are given as

P¥;=1)=1-—g(X8)

P(Y;=j) :Q(X:Bj—l)_g(xng;) i=2 ...

PY;=M) =1-—gXBu-1)

Depending on the number of categories defined as M,
when M = 2 we get the logistic regression model; with M
> 2 as outlined by Williams, the model becomes a series
of binary logistic regessions.*® The Generalized Ordered
Logit can be estimated using the estimator gologit2 writ-
ten for Stata.®*

Before presenting the results from the Generalized
Ordered Logit estimator (gologit2), it is helpful to discuss
the meaning of the empirical results in terms of the odds
ratios with respect to the covariates. As discussed by Liu
(2016), the Generalized Ordinal Logit model estimates
the cumulative odds of being beyond a certain category
versus being at or below that category. Specifically,

- _ p=p)
0dds(¥ > j) = 2075

In our case, with the three categories, category 3 is a
student who graduated within five years, category 2 is a
student who is still registered in year five, and category
1 is if the student has withdrawn by year five (did not
graduate and was no longer registered).

For example, regarding the odds a student is above
category 1, that is, is no longer registered is

1y _ Py (p2He3)
O0dds(Y > 1) = e (1

where p()) is the probability of category j. Similarly, the
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odds that a student is above category 2, that is still reg-
istered is
p¥=2) v3)

Oads(y > 2) = POt — B3 @

Or in terms of the category names

As a test for robustness, we also used a relatively new
estimator, feologit, developed by Baetschmann et al.
(2020), which is designed to estimate fixed effects or-
dered logit models. Given that our model does not have
panel data, but high school fixed effects, our discussion
of the details of the feologit estimator will be brief.*

The feologit estimator is designed to estimate caus-
al effects by allowing for some flexibility with respect to
unobserved time-invariant heterogeneity, which is often
present in fixed effect models.® The feologit estimator
has two options, the BUC estimator (blow up and clus-
ter) and the BUC-T, which assumes constant thresholds.
These estimators are based largely on the conditional
maximum likelihood estimator (CML), which is imple-
mented in Stata as the clogit and the panel-data com-
mand xtlogit, fe commands.

The feologit estimator was developed to address the
issue that while a consistent fixed effects estimator ex-
ists for the binary logit model, finding a consistent fixed
effects estimator for the ordinal logit model has proved
challenging. Chamberlain (1980) was able to find a con-
sistent estimator by collapsing the dependent variable
into a binary variable and then applying the conditional
maximum likelihood (CML) estimator. The approach tak-
en by Baetschmann et al. (2016) is based on extending
the Chamberlain approach by considering a larger num-
ber of dichotimizations. The approach involves including
more than one “clone” of an individual combined with
cluster standard errors as used by the BUC estimator
(Baetschmann et al., 2011) to estimate the parameter
vector (3 in the ordered logit model, fixed effects model
with individual specific thresholds, and then, given that
the clones of each other are not independent of each
other, the standard errors are based on clustering at the
individual level. Creating these clones expands the num-
ber of observations used in estimating the parameter 3.
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The Data Set

The data involves a cross section of student cohorts who
entered the University of Winnipeg over a five-year peri-
od. The first cohort in our sample entered the University
of Winnipeg in 1997.% The data set was created by one
of the authors from merging separate data sets while
employed in the Institutional Analysis Department of the
University of Winnipeg.3 The University of Winnipeg is
a liberal arts institution, with relatively liberal admission
standards, a significant range in student preparation,
but a relatively strong faculty overall. The University of
Winnipeg is a primarily undergraduate institution, which
in many ways is similar in structure and mission to four-
year public colleges found in the United States. It is fund-
ed in much the same way as state colleges in the United
States, with the majority of operating funds coming from
the Province of Manitoba.

During the period we tracked the performance of
students, the University of Winnipeg consisted of three
faculties: the Faculty of Education, the Faculty of Sci-
ence, and the Faculty of Arts (including Humanities).
Unlike most universities, the University of Winnipeg did
not have a Faculty of Business at the time, though one
was created in 2008, several years after our sample pe-
riod. Prior to that, business studies consisted largely of
a set of recommended courses from a wide variety of
departments supplemented with a small set of business
courses.

It is important to outline how we arrived at the final
data set.®® Our final data set includes 5,008 observa-
tions. Our initial sample included 14,246 observations;
however, a number of students were dropped from this
sample for a variety of reasons. First, only students who
graduated from a Manitoba high school were included.¥
Second, a number of students were dropped because
they did not have a standard high school average.®
Third, some adult learners (older than 21) who did not
graduate from high school (Manitoba or otherwise) but
were admitted to the University of Winnipeg under a
Mature Student category were dropped. Fourth, students
for which family income data could not be estimated, or
were missing school expenditure data from their respec-
tive high schools, were dropped.*® Finally, students who
did not have a five-year average GPA at the University
of Winnipeg were excluded from the sample. The above
exclusions left us with 5,187 observations, while data
limitations regarding students from a number of smaller
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high high schools reduced the data set to 5,136 observa-
tions.* We further excluded 128 students who dropped
out completely prior to the end of the first year, which
resulted in 5,008 students in the final data set. Our data
set tracked the subsequent performance of the entering
classes of 1997 through to 2001. Once admitted, we
tracked the course registrations and university grades
for each entering class over a five-year period.

Table 1 provides summary statistics on our sample
of 5,008 students from 83 Manitoba high schools. Table
1 shows that the majority of students, 97%, were clas-
sified as Canadian (canadian), with males making up
approximately 36% of the students (male). The mean
age of students was 18.8 years (age). Overall, the high
school average (hsaverage) of incoming students over
the five-year period (1997-2002) was 78.38%. We also
indicate whether a student was enrolled at the Univer-
sity of Winnipeg on a student visa (visa; 77 students),
was a permanent resident in Canada (permanent; 86
students), or self-identified as Aboriginal (aboriginal; 93
students).*

We also recorded the academic plans of students,
with 116 students pursuing a four-year degree (deg4yr),
813 an Education degree (degedu), while 2,383 students
had not declared their degree plans (deqnoinfo).? In
addition, we recorded the grade point average of stu-
dents after their first year (gpayrl) and the number of
full course—equivalent courses students completed af-
ter their first year (fcesyrl). The mean GPA of students
after year one was 2.77 amongst those who completed
3.54 full course—equivalent courses in their first year on
average. Also included are dummy variables to record
whether a student received financial assistance. Overall,
4% of students received either a University of Winnipeg
(dUWbursaryl) or Province of Manitoba bursary (dMB-
bursaryl), while 29% of students received a University
of Winnipeg scholarship (dUWscholarship1) and 11% of
students received a loan from the Province of Manitoba
(dMBloan1).®

For each student we recorded the high school from
which the student graduated.* The sample includes stu-
dents from 83 Manitoba high schools, with the top 10
high schools sending slightly more than 50% (2,584) of
the total number of students. The students in our sample
came from 76 public schools and seven private schools.
Private high schools are assigned to the Funded Inde-
pendent School Division and receive some public fund-
ing from the Province of Manitoba.*® Regarding private

88

high schools (private), they include a mix of secular and
religious-based high schools (religprivate). In terms of
the mix of students, 18% of the students graduated from
a private high school, while 10% graduated from a pri-
vate high school that was religious-based.

We also collected school expenditures per pupil
determined at the school division level (rexpenditure).*s
The 5,008 students came from 31 school divisions with
4,705 students or 94% of the students coming from the
top 10 divisions. During the sample period, the largest
number of first year enrolments came from the Winnipeg
School Division (969) followed by Funded Independent
Schools (882). The remaining students came from sev-
eral school divisions in the city of Winnipeg and a large
number of rural school divisions. There is a substantial
variation in expenditure by school divisision, with the
lowest real expenditure per student being $3,436 while
the highest is $13,840, with a median real expenditure
of $5,921.

While data on student finances would be ideal, the
University of Winnipeg does not record the financial
background of students or the educational level of par-
ents or guardians in their admission process. Given ed-
ucational attainment is often viewed as related to family
income, we use as a proxy for family income, the medi-
an family income associated with the respective postal
code given as their permanent residence (rincome).* It
addition, the variable rincome can capture any peer or
neighborhood effects.

Table 2 summarizes the performance of the 1997-
2002 entering classes at the University of Winnipeg. Of
the 5,008 students, 1,814 graduated within a five-year
period, while 3,194 did not.* The withdrawal rate is very
high, ranging from a low of 40% for the class of 2000 to a
high of 50% for the students admitted in 1997. The per-
centage of students graduating within five years ranged
from a low of 32% for the 1997 entering class to a high
of 39% for the 1999 class. Much like the trend for other
post-secondary institutions, a significant number of stu-
dents are taking longer to complete their degrees, with
19% of students continuing their registration after five
years.

Table 3 reports the summary statistics for three sub-
samples of our data set, which include self-identified
Aboriginal students, permanent residents and visa stu-
dents.*® There is some variation in the summary statis-
tics for the three groups; however, there are some gen-
eral trends. In terms of incoming high school average

52:1 (2022)


http://journals.sfu.ca/cjhe/index.php/cjhe

Student Success in University
P. Cyrenne & A. Chan

(hsaverage), first-year GPA (gpayrl), and student suc-
cess, Aboriginal students tend to be quite similar to visa
students. Visa students are more likely to have attended
a private high school than Aboriginal students or perma-
nent residents. Students who are permanent residents
tend to have a higher incoming high school average, a
higher first-year GPA, take more courses in their first
year, and come from higher income neighborhoods than
visa or Aboriginal students. Aboriginal students tend to
be somewhat older, more likely to pursue an education
degree, and more likely to be female than visa or perma-
nent resident students.

Regarding financial support, 15% of self-identified
Aboriginal students received a loan from the Province
of Manitoba, 13% received a bursary from the Province
of Manitoba, and 13% received a scholarship from the
University of Winnipeg. In contrast, 30% of permanent
residents received a loan from the Province of Manitoba,
22% received a University of Winnipeg scholarship and
8% a University of Winnipeg bursary. Regarding visa
students, 4% did receive a scholarship from the Univer-
sity of Winnipeg.®

Ordered Logit Estimation Results

Table 4 summarizes the results based on equation (1).
For each specification, we report both the logit coeffi-
cients and the corresponding odds ratios. Regarding
the odds ratio, a value greater than one suggests the
covariate has a positive effect on the odds of success
for a particular category, a value less than one suggests
a negative effect on the respective odds, and an odds
ratio equal to one implies no relationship between the
particular covariate and the respective odds.

Column 1 of Table 4 reports the logit coefficients
and odds ratios for the Ordered Logit estimator exclud-
ing high school fixed effects, while column (2) reports
the corresponding estimates including the high school
fixed effects. For column (2) we dropped the regressors,
private and rexpenditure, since they were correlated with
the school fixed effects. The results are very similar for
the latter two specifications. We find little evidence of
high school fixed effects contributing to student success,
as only six high school dummy variables were statistical-
ly significant.’* As a test of robustness, we also present
estimates using the feologit estimator, designed to fit
fixed effects ordered logit models. Column (4) uses the
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BUC estimator, while Column (3) uses the BUC-T, which
assumes contant thresholds.

To summarize our results, students attending the
University of Winnipeg on a student Visa, pursuing
an education degree (degedu), entering with a higher
high school average (hsaverage), taking more courses
in their first year (fceyrl), or earning a higher first-year
university GPA (gpayr1) had greater success at the Uni-
versity of Winnipeg. In contrast, students who received
a loan from the Province of Manitoba (dMBloan1) were
less successful. This is an interesting result which could
reflect the fact that students requiring a loan from the
Province of Manitoba may be in a more precarious finan-
cial situation. The other measures of student aid were
not statistically significant.®? As a test of robustness we
included two interactive terms (drelig_private=religious
X dprivate), which test whether attending a religious pri-
vate high school effected success, whether education
students entering with higher high school averages were
more successful than non-education students (degedu_
hsavg=deqedu x hsavg), as well as an age squared term
(agesq). Given these effects were not statistically signifi-
cant for specifications (1) to (2), they were dropped from
the models.%

Regarding the overall fit of the Ordered Logit mod-
els, we report two measures: the McFadden Pseudo R2,
which is 0.094 for model (1) and 0.104 for model (2),
and the McKelvey and Zavoina R2 measures, which are
0.202 and 0.224 respectively.5 Veall and Zimmermann
(1996) argue the McKelvey and Zavoina R2 has a num-
ber of desirable properties as a measure of goodness of
fit for a number of limited dependent variable models.%®
Overall, the McKelvey and Zavoina measures for each
model suggest the respective models are relatively good
predictors of student success.®

As can be seen, the results for the feologit estimator
given in columns (3) and (4) generally mirror the results
using the Ordered Logit estimator with high school fixed
effects given by column (2), with similar parameter esti-
mates and similar levels of statistical signifance.

While it is often customary to report the marginal
effects associated with the Ordered Logit Model, we pre-
fer to focus on the appropriateness of the parallel lines/
proportional odds assumption that underlies the Ordered
Logit Model.*”
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Ordered Logit Results — Testing for
the Parallel Regression Assumption

Regarding the Ordered Logit Results, a key assumption
is the parallel lines/proportional odds assumption, which
implies stability of the B coeffficients across categories.
The Brant test, the results of which are listed in Table 5,
formally tests this restriction. Table 5 reports the coef-
ficient estimates that result from a series of binary re-
gressions across the categories. The Brant test of the
parallel lines/proportional odds assumption is based on
a chi-sq test, a significant test statistic that provides evi-
dence that the assumption has been violated. As can be
seen the respective coefficients, the B,- vary significant-
ly for the regressors dvisa, degedu, gpayrl, fceyrl, and
rincome.®®

Generalized Ordered Logit Results
(gologit2)

Table 6 lists the Generalized Ordered Logit results for
the model excluding high school fixed effects. We report
both the logit coefficients as well as the corresponding
odds ratios. As the results indicate, the Brant tests sug-
gest that restrictions should be imposed on the 8's for 17
of the 24 regressors, which includes restrictions on four
time fixed effects. This results in identical coefficients for
those regressors which are omitted from Table 6 for ease
of presentation.® In addition, once these restrictions are
imposed, the Wald test of the parallel lines or proportional
odds for the model yields a y*(17) = 16.25, which yields
the prob>y? = 0.5065. As listed in the Stata output, an in-
significant test statistic suggests the final model does not
violate the parallel lines/ proportional odds assumption.
The McFadden Pseudo R2 is a respectable 0.1108.%°

As pointed out by Liu (2016, p. 191), it is important
to discuss the regressors that meet the parallel lines/pro-
portional odds assumption as well as those that violate
the assumption. The regressors that meet the parallel
lines/proportional odds assumption include the 16 re-
gressors that are constrained in the model. The coeffi-
cients of the regressors (B) that indicate the immigration
status of the student (dvisa or dpermanent), the choice
of major (degedu), the student’s first-year performance
(gpayrl), course load (fcesyr1), financial resources (rin-
come) and high school resources (rexpenditure), and
the (y2002) entering class are not constrained and are
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allowed to vary across the categories.

Overall, four of the regressors are statistically signif-
icant across the respective categories, with the respec-
tive odds of being above the respective categories of
success increasing for students with a higher first-year
GPA (gpayrl), students who took more first-year courses
(fcesyr1), and visa students (dvisa), but decreasing for
declared education students (degedu).

The results as summarized as follows. The odds ra-
tios reflect the probability of being above a category. Re-
garding the odds ratios for category 1 — withdrawn, there
are 6 regressors that are statistically significant—uvisa,
degedu, gpayr, fcesyr1, dMBloan, and rincome—with in-
creases in all these covariates except dMBloan, leading
to a greater probability of a student continuing, that is,
being above category 1, withdrawn.

Regarding the odds ratios for category 2 — continu-
ing, only 4 covariates are statistically significant. The co-
variates which increase odds of graduating are (i) being a
visa student (2.69), (ii) being enrolled in education (1.63),
(i) having a higher first-year GPA (1.75), and (iv) taking
more full-course equivalents in the first year (1.82).

Most of these results accord with intuition. Factors
such as taking a larger number of full-course equivalents,
more success in the first year, and being a visa student
raise the probability of both continuing and graduating.
Each of these covariates are monotonic across catego-
ries, that is, increases in the levels raise the probability
of graduating more than the probability of continuing.
This might suggest that there is a momentum effect for
students, those students that place ever more value on
continuing, and hence even more important to graduate
given their success in first year.®

Of interest is that for education majors (degedu), the
odds of graduating are 2.4 times, and the odds of con-
tinuing are 1.6 times, the comparable odds for non-edu-
cation majors. Of note is that unlike the other covariates,
this pattern is not monotonic,® that is, the odds of con-
tinuing for education majors are relatively higher when
compared to non-education majors than the respective
odds for graduating.®

Discussion

This article has highlighted two issues related to the de-
terminants of student success at a mid-sized Canadian
university. The first examines the use of an Ordered Logit
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estimator to address the issue of student success. Given
the proportional odds assumption is often violated when
using the Ordered Logit estimator, this leads naturally to
the Generalized Ordered Logit estimator. This estimator
allows for a test of the proportional odds assumption well
as the imposition of a set of contraints on the ordered
logit coefficients in order to satisfy the proportional odds
assumption. We think the Generalized Ordered Logit
Estimator will gain in popularity given its flexibility and
relative ease of interpretation and implementation.

The second issue is the application of these estima-
tors to a particular undergraduate university. The data
set was compiled by one of the authors and provides a
comprehensive examination of the relationship between
the student characteristics and their academic success.
The Ordered Logit and Generalized Ordered Logit are
flexible in that a wide variety of what constitutes success
can be estimated. Our measure suggests that students
who continue their studies are more successful over a
five-year observation period than students who with-
draw.

It is important to note there are varying measures
of student success that can be considered depending
on the respective goals of university officials and poli-
cy makers. For example, it might be that some students
who do not complete their degrees in a timely manner
should reconsider their career plans. From the perspec-
tive of university officials, students who continue their
studies contribute to university budgets; however, from
the perspective of policy makers some of these students
may be better suited to other types of training.®

The results from this study can be summarized as
follows. First, we find, much like other studies, that stu-
dents who achieve a higher first-year GPA are more like-
ly to succeed. Second, we find that students who take a
larger number of full-course equivalents in first year are
more successful.® Third, we find visa students and stu-
dents enrolled in education programs are more success-
ful while students who received a loan from the Manitoba
government were less successful. We find little evidence
of high school fixed effects. In testing the robustness of
the Ordered Logit results, we find the parallel lines/pro-
portional odds assumption is violated for a number of co-
variates. To address this issue, we used a Generalized
Ordered Logit estimator, which imposes equality of coef-
ficients on those covariates that satisfy the parallel lines/
proportional odds assumption, while allowing the other
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covariates to vary across the categories of success.

While the results are based on data from one institu-
tion, we think our approach can assist other institutions
in designing their data collection methods. We feel our
study is a relatively straightforward approach to predict-
ing the success of a variety of students using data that is
routinely collected by university officials. We urge univer-
sity institutional research departments to set up a tem-
plate to record the characteristics of incoming students,
which can then be updated with student performance
measures in order to use an Ordered Logit or General-
ized Order Logit estimator. For example, in developing
a database to use an Ordered Logit or Generalized Or-
dered Logit estimator, a number of programming issues
need to be addressed. First, data on incoming students
is often kept separate from databases that track their per-
formance. To overcome this issue, this study merged the
respective information using Structure Query Language
procedure which is a computer language used to store,
manipulate, and query data stored in relational databas-
es. This allowed us to link the data sets together through
common identifiers such student ID, school name, and
postal code. We also recommend that universities col-
lect as much background information on incoming stu-
dents as possible as allowed by privacy legislation. If
comprehensive data is collected by universities at the
admission stage and stored in a central database, it is
relatively easy to implement the estimators used here to
determine the likelihood of student success.

Disclaimer

The views expressed in this article are those of the au-
thors and do not necessarily reflect the position or pol-
icy of the University of Winnipeg or the Government of
Manitoba
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Notes

1 For a nice summary of the literature on student retention
up to 2008, see Tinto (2008).

2 For good introductions to event study analysis, see
Box-Steffensmeier et al. (2004), Hosmer et al. (2008),
and Allison (2014). In the medical literature, it examines
the factors that influence the time to a heart attack.

3 The higher education literature refers to permanent with-
drawal as dropout, temporary withdrawal as stopout. Arti-
cles using the event history approach are Murtaugh et al.
(1999), DesJardins et al. (1999, 2002, 2006), and Herzog
(2005).

4 By competing risks we mean that the occurrence of one
event removes the individual from the risk of the occur-
rence of another event. In the higher education context, a
student drop out removes the individual from the the haz-
ard of graduating. Similarly, the occurrence of dropping
out for one year may affect the hazard of permanently
dropping out. While according to Allison (2014, p. 57),
at the theoretical level including these competing risks
do not introduce any new issues, at a practical level it
introduces more flexibility in estimating survival anal-
ysis models. It is our view the presence of competing
risks raises considerably the analytical burden for prac-
titioners, particularly those not well versed in survival
analysis. See Allison (2014) for a good introduction to
discrete time event study analysis, also called discrete
time survival analysis.

5 See, for example, Montmarquette et al. (2001), Herzog
(2005), Arulampalam et al. (2005), and Stratton et al.
(2008).

6 In the higher education literature, there is a distinction
between the permanent withdrawal of a student and what
is a temporary withdrawal, often referred to as a stopout.
See Herzog (2005) for a model that makes that distinc-
tion. There is also a distinction made between withdrawal
from a university and a transfer to another post-second-
ary institution.

7 As a test of robustness, we also use the ordered logit
estimator for panel data, feologit, introduced by Baet-
schmann et al. (2015).

8 The five-year observation period was a result of data
availability. It is clear that a longer observation period
may reveal that some students took longer than five years
to graduate.

9  Unfortunately, like other studies using administrative
data for a single institution, we are not able to track stu-
dents who withdraw from one university to attend another
post-secondary institution. In a sense, our withdrawal
category includes both students who leave the University
of Winnipeg to transfer to another post-secondary institu-
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tion or drop out of university entirely.

This allows us to control for the relationship between a
student’s high school curriculum and subsequent perfor-
mance in university, which in turn allows us to control for
this unobserveable school effect, an issue which often
plagues studies of higher education.

For example, we include whether students received finan-
cial assistance, either a bursary or a scholarship, while
attending the University of Winnipeg.

In contrast event study analysis for higher education de-
pends on discrete time methods, which requires a careful
collection and organization of data to be useful for empiri-
cal work. See Allison (2004) for a good discussion of data
requirements for discrete time event study analysis.

In contrast, discrete time survival methods require a con-
tinuous updating and recording of student performance
as well as other time varying covariates, a significant ad-
ministrative burden.

While adding information on student performance and
institutional support in subsequent years may be useful
determinants of graduation and continuing enrolment,
it makes the analysis of the determinants of withdrawal
problematic. For instance, some students withdraw after
the first year, which makes the inclusion of second- and
third-year covariates inappropriate for this group.

In Canada, the designation of First Nations people has
changed over time, moving from the term Aboriginal to
First Nations, with the present designation being Indige-
nous peoples. We use the term Aboriginal, which was the
term used when the data was collected. For an article that
discusses a number of ways of describing success with
respect to Aboriginal students in higher education, see
Gallop and Bastien (2016).

In particular, the results we feel are representative of lib-
eral arts colleges and universities, which have relatively
liberal admittance criteria and relatively strong faculty. It
may seem surprising that a university with relatively lib-
eral admittance standards could have a relatively strong
faculty; however, Canadian universities receive signif-
icant government support, which allows Canadian uni-
versities to offer relatively attractive faculty salaries and
working conditions as well as a relatively large number of
places for students in Canadian universities.

See Ott et al. (1984) for a logit model of graduate student
retention.

For a nice summary of a number of theoretical approach-
es and issues that address the relationship between fi-
nancial aid and student dropout in higher education, see
Chen (2008).

See Cyrenne and Chan (2012) for an analysis of the re-
lationship between a student’s high school grades and
subsequent university performance using administrative
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data for a Canadian university.

In should be noted we only became aware of this re-
search after our empirical work was completed.

One important issue that we are not able to address with
our data set is the effect of peer effects on university suc-
cess. See Zimmerman (2003) for an article that address-
es this issue.

See, for example, Horowitz and Spector (2005) for an
analysis of the relative difference in performance of stu-
dents graduating from private and public high schools.
Smith and Naylor (2005) find that the students who at-
tended an independent school in the United Kingdom
were less likely to obtain a “good’ degree than students
who attended a state-sector school. Hanuskek (1997) and
Hékkinen (2003) also examine this issue.

There is significant literature on the issue of the relative
effects of religious education; for example, Coleman and
Hoffer (1987) and Neal (1997).

There is evidence that the educational attainment of
children is strongly influenced by the educational attain-
ment of parents, as argued by Ermisch and Francesconi
(2001). Unfortunately, the University of Winnipeg does
not record the education level of parents for students who
are admitted. However, we do have an estimate of family
income, which is, in general, highly correlated with edu-
cational attainment. See Gross et al. (2015) for an analy-
sis of the relation of merit-based aid to student departure.
We examine two hypotheses regarding the relative suc-
cess of Education students. The first is that students in
professional programs like Education are more commit-
ted to their degree program. The second is that graduat-
ing with an Education degree may be relatively easier
than for other programs. For both these reasons, it is sug-
gested that students enrolled in Education are more likely
to succeed.

Regarding outcome 3, we look to see if the student was
enrolled in year five. If not, and the student had not grad-
uated in the five-year period, the student is coded 3,
withdrawn. Given we are only able to observe students
over a five-year period, we recognize that it is possible
that some students who had not graduated or registered
in the fifth year may in fact re-enroll in a later period. It
is clear there could be a larger set of ordinal outcomes,
involving afiner partition of states. For example, we could
distinguish between students who graduated within four
years from those who graduated in five years. While this
may be of interest to some observers, we feel an expan-
sion of the event space will make the interpretation of the
empirical results somewhat unwieldy.

STATA Release 12 Reference N-R (2011:1413).

As discussed by Boes and Winkelmann (2006), the stan-
dard ordered response model has a number of limita-
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tions when analyzing marginal probability effects, which
includes a constant threshold assumption while the dis-
tributional assumption does not allow for additional indi-
vidual heterogeneity between different realizations. Boes
and Winkelmann (2006) discuss a number of versions of
the generalized ordered response model and point out
each of them can be computationally burdensome due to
the larger number of parameters to be estimated and the
larger number restrictions on the parameter space.
Anice intuitive illustration of the generalized ordered logit
model as compared to the standard ordered logit, parallel
lines model is Williams (2016). The parallel lines model is
sometimes called the proportional odds model, see Wolfe
and Gould (1968) who use this terminology.

Verbeek (2012, p. 222) discusses the alternative normal-
izations that can occur for o and p,. See Kennedy (1998)
for a discussion of the ordered probit and ordered logit
estimators. In general, the results from the ordered probit
and ordered logit estimators tend to be very similar. See
also Long and Freese (2006) for a nice overview of the
estimation of ordered categorical dependent variables
using STATA.

It has been suggested that gologit2 was inspired by Fu's
(1998) gologit program. We use Stata 12's ologit to esti-
mate the Ordered Logit Model and gologit2 to estimate
the Generalized Ordered Logit Model. For an interesting
analysis of Generalized Ordered models, see Greene and
Hensher (2010), Chapter 6.

Anice overview of the discussion of the feologit approach,
which uses the BUC (blow up and cluster) approach, is
Baetschmann (2012). As can be seen there, the intuition
given for the estimation is based on panel data; that is,
multiple ordered observations of a given individual.

For a good discussion of the feologit estimator see Baet-
schmann et al. (2020) and Baetschmann et al. (2015).
Articles that provide insight into the background of the
estimator are Baetschmann et al. (2011), Baetschmann
(2012), and Baetschmann et al. (2016).

The first cohort of students was classified as a first-time
student who successfully passed at least one course at
the University of Winnipeg.

As an employee of the Institutional Analysis Department
of the University of Winnipeg, Alan Chan was able to ac-
cess student data from a number of different data sets.
The use of the administrative data has been approved
by the University of Winnipeg Ethics Committee. While
it would be interesting to update the data set, we feel the
current data set provides a good sample to address the
issues examined in this article.

It is important that the sample be representative of the
population of students in order to avoid sample selection
bias.
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It is clear there are a number of possible research ques-
tions related to our question. For example, with suffi-
cient data, one could include all students who attended
the University of Winnipeg (not just from Manitoba high
school students) and estimate the associated high school
effects for those students. Alternatively, we could com-
pare the performance of Manitoba high school students
at the University of Winnipeg with their performance at
other post-secondary institutions. Apart from the issue
of insufficient data for these exercises, the first question
would face the issue of varying high school curricula
across jurisdictions, while the second would need to con-
trol for varying grading standards across post-secondary
institutions.

For example, some students who might have a letter
grade for Grade 12 (or equivalent) courses rather than a
numerical score.

For some students their address (that is, their postal
code) did not match Statistics Canada records with re-
spect to family income (using the first three digits of their
postal code).

Regarding the issue of the smaller high schools, 13
high schools only sent one student, and 17 high schools
sent two students for a total of 47 students from 30 high
schools being excluded from the sample. At the time the
data was being collected it was felt that these small num-
bers would not adequately reflect the nature of the stu-
dent’s high school and would in effect reflect a student
fixed effect (at least for the 13 high schools who sent one
student). We were not able to collect all the necessary
regressors for the remaining students (from schools who
sent two students), so they were dropped from the sam-
ple.

These 93 students are included in the 4,845 total desig-
nated as Canadian. We break foreign students into two
categories: permanent resident and visa students. It can
be argued that permanent residents (as a result of re-
ceiving landed immigrant status) and visa students may
differ in terms of academic behaviour and performance.
For instance, permanent residents may have more social
engagement than visa students and may have more flex-
ibility regarding the number of courses taken than visa
students. On the other hand, permanent residents who
are allowed to work may spend more time working at part-
time jobs. On the contrary, visa students may try to speed
up their academic programs, sacrificing their overall per-
formance. Finally, permanent residents may have more
opportunities to improve their English language skills
than visa students.

It is important to note that, unlike many other universities
in Canada or the United States, the University of Winni-
peg has a three-year degree program for Arts, Science,
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and Business.

To be eligible for the University of Winnipeg's General
Bursary (UWBUursaryl) a student must prove financial
need and be making satisfactory academic progress
(for example maintaining a “C” average). Applicants are
asked to estimate their expenses and resources; the lat-
ter includes savings as well as any monies received from
parents and others, income of spouse or partner, and
part-time employment income over the fall/winter term,
as well as loans and awards. As is the case with bursa-
ries in general, students do not have pay back amounts
received. Regarding University of Winnipeg Scholarship
(UWScholarship1) over the period of 1997-1999, the high
school average cut-off rate to be awarded an entrance
scholarship was 84%, while after 2001 it was reduced to
80% for recruitment purposes.

We realize that high school students often change high
schools prior to graduation; however, we only have data
on the student's high school of graduation.

It is important to note that all schools in Manitoba, both
publicly funded and private, are subject to the same cur-
riculum guidelines, outlined by the Manitoba Education,
Citizenship and Youth Department of the Province of
Manitoba.

This was based on data from Manitoba Education, Citizen
and Youth. All the school expenditure and average family
income were calculated as the real term (nominal value
divided by Manitoba Education Price Index; 1996=100)
and were merged into the data set. This is expenditure at
the school division level. Webber and Ehrenberg (2005)
find that the type of college expenditure affects gradua-
tion rates. In particular, enhanced expenditure on student
services influences both graduation and first-year per-
sistence rates, particular for schools with lower entrance
test scores.

There are two possible interpretations of our measure of
family income. The first is that this variable is a proxy
for the variable of interest, family income. The second is
that it captures a neighbourhood effect. Our study adopts
the first interpretation, which is based on the idea that
family income is highly correlated with the median family
income of the postal code in which the student resides. To
estimate a student’s family income we used the median
income from the postal code listed as the student's per-
manent residence (for each year, based on the first three
digits of the postal code).

It should be pointed out that students who did not gradu-
ate may not have dropped out of university permanently,
as some students in this group enrolled in another univer-
sity, or took longer than five years to graduate. Unfortu-
nately, our data set does not capture the respective size
of these effects.
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Permanent residents are students who have received
landed immigrant status in Canada.

Visa students are not eligible for financial support from
the Province of Manitoba.

It should also be noted that for a number of high schools
there are only a few students who are in our sample.
With respect to the student aid effect, there is some evi-
dence that the impact of aid may vary depending on the
type of student. St. John and Noell (1989) find that, at
least when it comes to college attendance, all forms of
student aid had a stronger impact on minority student ac-
cess to college than for non-minority students. Given the
relatively small number of minority students—in our case,
Aboriginal students—testing for this effect would have
low statistical power. However, it is important to note that
some self-identified Aboriginal students, particularly First
Nations students, do receive some support from the First
Nation Band council for post-secondary studies. Unfortu-
nately, our data set does not include that information.

As discussed by Long and Freese (2014), it can happen
that one of the regressors predicts the highest category
perfectly. In contrast, if the regressor predicts the middle
category perfectly, there is no estimation problem. In the
former case, Long and Freese suggest the problematic
observations be dropped from the model.

A number of Pseudo R2 measures have been proposed.
For a nice summary of the relative merits of these mea-
sures see Veall and Zimmermann (1996).

Similarly, Long and Freese (2014) report that Hagle and
Mitchell (1992) and Windmeijer (1995) using simulations
find that for ordinal outcomes the McKelvey and Zavoi-
na's R? measure closely approximates the R? obtained
from a linear regression on the respective ordinal out-
comes.

It is also possible to include data from the second and
third year of the student’s performance. As might be ex-
pected, the predictive ability of the generalized ordered
logit estimator is greatly increased. However, given that a
significant number of students drop out after the first year,
the sample size is reduced significantly.

The marginal effects indicate the effect of a unit increase
in a variable, either continuous or a dummy variable, on
the probability of the respective outcome. Some mar-
ginal effects are worth reporting, for example, regarding
Outcome 3 (graduating) taking one more fce in year one
(fceyr1) increases the probability of a student graduat-
ing by 8.8%, one point higher first-year GPA (gpayrl) in-
creases the probability of graduating by 9.3%, while Ed-
ucation students are 12.6% more likely to graduate, and
visa students are 13.9% are more likely. It is important to
note that students who receive a loan from the Manitoba
government are 6.7% less likely to graduate.
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We have only reported the coefficients from the Brant de-
tail test, for ease of exposition. The accompanying stan-
dard errors with respect to the coefficients are available
on request.

One thing that must be acknowledged is the following:
Warning! 8 in sample cases have an outcome with a pre-
dicted probability that is less than 0. See the gologit2 help
section on Warning Messages for more information.

The GOLOGIT2 estimator does not report the McKelvey
and Zavoina statistic. Other measures that are report-
ed, for example, Cox-Snell/ML (0.207) and Cragg-Uhler/
Nagelkerke (0.236) suggest a relatively good fit for the
gologit2 model.

There may also be an element of learning by doing for
students—those that successfully navigated first year
may develop study and learning skills that allow them to
build on their initial success.

| thank an anonymous referee for pointing out the relative
performance of Education students.

Two possible explanations come to mind. First, given the
large retention in Education majors after first year, it may
be the case that some of these Education students switch
to other majors; that is, they do not graduate with an Ed-
ucation degree. Second, given the large first-year reten-
tion, it may be the case that some of these Education
students do not complete their Education degree in the
five-year time frame. Note that both of these explanations
are based on the relative performance of Education stu-
dents over time who are still continuing and graduating
at a higher rate than non-Education majors. These are
potential research questions to be explored.

In conclusion, what constitutes success for post-second-
ary students is clearly an issue that can benefit from fur-
ther discussion.

This may be a measure of full-time status, which could
reflect the fact that these students have greater financial
support to pursue their studies.
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Appendix 1

Definition of Variables

Variable Definition

success 1 = withdrawn, 2 = continuing, 3 = graduating
canadian Canadian citizen

permanent Permanent resident

visa Visa student

aboriginal Self-declared Aboriginal student

deglyrs 4-year major declared

degedu Education major declared

degnoinfo Undeclared major

private Graduated from private high school

religprivate Graduated from religious-based private high school
dUWhbursaryl Received UW bursary in year 1
dUWscholarshipl Received UW scholarship year 1

dMbloanl Received loan from Province of Manitoba year 1
dMBbursaryl Received Province of Manitoba bursary year 1
hsaverage High School Average (%)

gpayrl Grade Point Average after year 1

fcesyrl Full-course equivalent courses completed after year 1
age Age when first admitted

rincome (000's)

rexpenditure (000's)

Real income of postal code of student’s permanent residence

Real expenditure of school division in which the high school is located.
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Table 1

Summary Statistics — Incoming Students (5,008)
variable total mean sd min median Max
success 1.92 0.8943 1 2 3
canadian 4845 0.97 0.1775 0 1 1
permanent 86 0.02 0.1299 0 0 1
visa 77 0.02 0.1231 0 0 1
aboriginal 93 0.02 0.1350 0 0 1
male 1792 0.36 0.4794 0 0 1
degéyr 16 0.02 0.1504 0 0 1
degedu 813 0.16 0.3688 0 0 1
degnoinfo 2383 0.48 0.4995 0 0 1
private 882 0.18 0.3810 0 0 1
religprivate 500 0.10 0.2998 0 0 1
dUWhbursaryl 108 0.02 0.1453 0 0 1
dUWscholarshipl 1439 0.29 0.4526 0 0 1
dMbloanl 550 0.1 0.3127 0 0 1
dMBbursaryl 123 0.02 0.1548 0 0 1
hsaverage (%) 78.38 10.0231 51 79 100
gpayrl 2.77 0.9164 0 2.75 45
fcesyrl 3.54 1.2491 0.5 4 7.5
age 18.83 24811 16 18 69
real income (000's) 48.833 13.2971 18.400 48.744 91.999
real school expenditure 6.077 0.9035 3.436 5.921 13.840

(000's)

Source: University of Winnipeg Administrative Data, Statistics Canada, Province of Manitoba
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Ordered Outcomes - Success

cohort 1 2 3

Withdrawn Continuing Graduated Total
1997 367 131 242 740
1998 380 138 285 803
1999 317 150 306 773
2000 326 183 299 808
2001 371 183 337 891
2002 463 185 345 993
Total 2,224 970 1,814 5,008

Source: University of Winnipeg Administrative Data
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Summary Statistics - Sub Samples
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success male deglyr  degedu degnoinfo private dMBloanl dMBbursaryl  dUWbursaryl dUWscholarl hsaverage gpayrl fcesyrl age rincome rexpenditure
Aboriginal (N = 93)
sum 20 1 19 38 14 14 12 2 12
mean 1.83 0.22 0.01 0.20 0.41 0.15 0.15 0.13 0.02 0.13 73.81 2.36 3.27 2123 4191 6.186
min 1 0 0 0 0 0 0 0 0 0 55 0 0.5 17 18.983 4.148
median 2 0 0 0 0 0 0 0 0 0 75 2.4 3 19 43.338 6.042
max 3 1 1 1 1 1 1 1 1 1 94.67 4.25 55 54 89.337 8.675
Permanent (N = 86)
sum 40 2 5 42 14 26 3 7 19
mean 170 0.47 0.02 0.06 0.49 0.16 0.30 0.04 0.08 0.22 78.36 2.61 3.40 20.04  44.352 6.219
min 1 0 0 0 0 0 0 0 0 0 57.67 0 0.5 16 18.983 3.957
median 1 0 0 0 0 0 0 0 0 0 79 2.5 35 19 46.588 5.988
max 3 1 1 1 1 1 1 1 1 1 96.67 4.5 6 43 91.999 10.543
Visa (N =77)
sum 37 3 1 38 46 0 0 0 3
mean 1.90 0.48 0.04 0.01 0.49 0.60 0 0 0 0.04 71.99 2.23 2.71 20.04  36.370 5.705
min 1 0 0 0 0 0 0 0 0 0 52 0 0.5 17 18.400 3.522
median 2 0 0 0 0 1 0 0 0 0 71.33 217 25 19 37.263 5.912
max 3 1 1 1 1 1 0 0 0 1 89 4.25 7.5 32 53.789 11.143
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Table 4
Ordered Logit and Feologit Results
Success olbase olschool feologit (BUC-T) feologit (BUC)
@) 2 3) (4)
Logit Odds Logit Odds Logit Odds Logit Odds
Coeffi- Ratios Coeffi- Ratios Coeffi- Ratios Coeffi- Ratios
Variable cients cients cients cients
Age -0.0057 0.99 0.0029 1.00 0.0032 1.00 0.0039 1.00
Aboriginal  0.1484 116 0.1999 1.22 0.248 1.28 0.2291 1.26
Permanent -0.2791 0.76 -0.2677 0.77 -0.2783 0.76 -0.2383 0.79
Visa  0.7006* 2.02* 0.5575* 1.75* 0.5880* 1.80* 0.5933* 181*
Male  0.0446 1.05 0.0545 1.06 0.0495 1.05 0.0611 1.05
degdyrs  0.1829 1.20 0.2059 1.23 0.1929 121 0.236 1.27
Degedu 0.6327*** 1.88** 0.6730*** 1.96*** 0.7090**  2.03**  0.7118*  2.04™*
Degnoinfo  -0.0606 0.94 -0.0486 0.95 -0.0464 0.95 -0.0542 0.95
Hsaverage  0.0079 1.01 0.0104* 1.01* 0.0095 1.01 0.0102* 1.01*
gpayrl 0.4689** 160  0.4686*  1.60**  0.4876**  1.63**  0.4882** 163"
fcesyrl 0.4419=* 156  0.4502**  157**  0.4631** 159  0.4637** 159"
Private  -0.0964 0.91
dVBloanl -0.3387**  0.71***  -0.3348* 0.72* -0.3537*  0.70*  -0.3420*  0.71*+
dMBbursaryl  -0.2285 0.80 -0.2309 0.79 -0.2313 0.79 -0.25 0.78
dUWbursaryl ~ -0.021 0.98 -0.038 0.96 -0.0567 0.94 -0.0375 0.96
dUWscholarshipl  0.0298 1.03 0.0139 1.01 -0.0183 0.98 -0.0217 0.98
Rincome  -0.0016 1.00 -0.0027 1.00 -0.003 1.00 -0.0024 1.00
Rexpenditure ~ 0.0038 1.00 -0.0783 0.92 -0.0993 0.91 -0.0963 0.91
yr1998  0.0804 1.08 0.0653 1.07 0.0907 1.09 0.0798 1.08
yr1999  0.2868* 1.33* 0.2828* 1.33* 0.3022* 1.35* 0.3017* 1.35*
yr2000  0.2452* 1.28* 0.2479* 1.28* 0.2751* 1.32* 0.2664* 1.31*
yr2001  0.2412* 127 0.2438* 1.28* 0.2582* 1.29* 0.2656* 1.30*
yr2002  0.0964 110 0.1231 113 0.1328 114 0.1435 115
HS Fixed Effects yes yes yes yes yes yes
cutl
_cons 3.2378**  25.4768** 3.4112* 30.3023** 0 1
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Success olbase olschool feologit (BUC-T) feologit (BUC)
@) @) 3) (4)
Logit Odds Logit Odds Logit Odds Logit Odds
Coeffi- Ratios Coeffi- Ratios Coeffi- Ratios Coeffi- Ratios
Variable cients cients cients cients
cut2
_cons 4.1753** 65.0612** 4.3647*** 78.6294** (0.9499***  2.5855**
Statistics
N 5008 5008 60014 10002
LI -4745.7 -4694.8939 -33038.82 -5498.56
Aic 9541.4001 9601.7878 66123.63 11041.12
Bic 9704.3699 10292.7797 66330.69 11199.7519
Noracter 0.0904 0.104 0.1478 01278
McKel-Zavoina R2 0.202 0.224

legend:

*p < 0.05; **p < 0.01; ***p < 0.001
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Table 5
Brant Tests
Estimated Coefficients Test of Parallel Regression
from j-1 binary regressions Assumption
Variable y>1 y>2 chi2 p>chi2 df
Al 178.48 0.000 23
age -0.004 -0.012 0.25 0.614 1
aboriginal 0.174 0.131 0.03 0.854 1
permanent -0.426 -0.045 418 0.041 1
visa 0.479 113 11.04 0.001 1
male 0.074 0.001 1.48 0.224 1
degdyrs 0.267 0.175 0.22 0.642 1
degedu 0.895 0.519 15.33 0.000 1
degnoinfo -0.067 -0.059 0.01 0.915 1
hsaverage 0.008 0.007 0.07 0.794 1
gpayrl 0.419 0.595 16.18 0.000 1
fcesyrl 0.364 0.593 63.24 0.000 1
private -0.115 -0.13 0.05 0.827 1
dMBloanl -0.275 -0.436 2.24 0.134 1
dMBbursaryl -0.402 -0.04 3.25 0.071 1
dUWbursaryl 0.117 -0.102 112 0.290 1
dUWscholar- -0.028 -0.015 0.02 0.880 1
shipl
rincome -0.005 0.002 13.18 0.000 1
rexpenditure 0.009 -0.023 1.04 0.308 1
yr1998 0.077 0.112 0.13 0.719 1
yr1999 0.335 0.271 0.33 0.563 1
yr2000 0.349 0.174 2.48 0.115 1
yr2001 0.306 0.22 0.63 0.427 1
yr2002 0.135 0.095 0.14 0.709 1
_cons -2.858 -4,938
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Table 6

Generalized Ordered Logit Estimates

success Category 1 — Withdrawn Category 2 - Continuing
Variable Coefficients Odds Ratios Coefficients Odds Ratios
age -0.0078 0.99
aboriginal 0.1478 1.16
permanent -0.4194 0.66 -0.0302 0.97
visa 0.5028* 1.65* 0.9912** 2.69**
male 0.0425 1.04
degdyrs 0.2009 1.22
degedu 0.8910** 2,44 0.4873** 1.63**
degnoinfo -0.0533 0.95
hsaverage 0.0071 1.01
gpayrl 0.4125** 151 0.5567*** 174
fcesyrl 0.3606*** 1.43** 0.5981** 1.82*
private -0.1095 0.90
dMBloanl -0.3268** 0.72*
dMBbursaryl -0.2177 0.80
dUWbursaryl -0.0049 1.00
dUWscholarshipl -0.0004 1.00
rincome -0.0047* 1.00* 0.002 1.00
rexpenditure 0.0002 1.00
yr1998 0.0792 1.08
yr1999 0.2784* 1.32*
yr2000 0.3271* 1.39* 0.1362 115
yr2001 0.2410* 1.27*
yr2002 0.0914 1.10
_cons -2.5878"* 0.08** -5.0643*** 0.01**
Statistics
N 5008
I -4657.3542
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success Category 1 — Withdrawn Category 2 - Continuing
Variable Coefficients Odds Ratios Coefficients Odds Ratios
aic 9378.7084

bic 9587.3098

Wald chi2(30) 986.88

Prob > chi2 0.0000

Pseudo R2 01111

legend: *p <0.05;* p<0.01;,**p <0.001
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