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This is the second in a series of articles describing ongoing research that involves studying 
engineering college student graduation using Cox proportional hazards models. The first 
article, called "Proportional hazards models of graduation," was based on main effects 
models of graduation controlling for descriptors such as in-state residence, hometown 
population, and student major. This second article attends to first-order interaction terms 
between pairs of previously considered main effects. Survival analysis of graduation data 
here suggests significance of standardized math scores, and English and Science ACT 
scores, under certain circumstances that might not have been discovered without the 
examination of interaction. 
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INTRODUCTION 
 
This is the second in a series of articles describing ongo-
ing research that involves studying engineering college 
student graduation using Cox proportional hazards mo-
dels. The first article reported significance of standar-
dized math test scores, gender and science ACT scores 
in explaining variation in student graduation based on 
main effects models of graduation controlling for descrip-
tors such as in-state residence, hometown population, 
and student major (Chimka et al., 2007 - 2008). This 
second article, "Interaction and survival analysis of 
graduation data," attends to first-order (or two-factor) inte-
raction terms between pairs of previously considered 
main effects. Interaction between factors occurs when 
"the difference in response between the levels of one 
factor is not the same at all levels of the other factors" 
(Montgomery et al., 2001). 

Recently there have been other journal articles added  
to the statistical models literature of college student re-
tention. Berkovitz and O'Quin (2006-2007) estimated a 
logistic regression model of graduation for readmitted 
students controlling for GPA upon readmission. The stu-
dy found younger students and those having partici-pated 
in pre freshman orientation more likely to  
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graduate. Academic dismissal prior to readmission de-
creased probability of eventual graduation. Davidson and 
Beck (2006-2007) used logistic regression to model 
probability of re enrollment as a function of responses to 
the Survey of Academic Orientations (Davidson et al., 
1999). 

Gansemer-Topf and Schuh (2006) have examined the 
relationship between institutional expenditures and sele-
ctivity, and graduation and retention rates. Results of 
multiple linear regression analysis suggested new resou-
rce allocation strategies to enhance graduation and rete-
ntion. In addition, multiple regressions have been used to 
analyze graduation rates at public community colleges as 
functions of most notably ratio of part time faculty (Ja-
coby, 2006). Relatively controversial logistic regres-sion 
models of Scott et al. (2006) "suggest that with equi-
valent resources and student populations, public schools 
would graduate a slightly larger percentage of students 
than privates." 

Perhaps the only other recent research into the impact 
of time varying risk factors on student retention has been 
by Randolph et al. (2006). They use non proportional 
hazards to estimate the influence of demographic factors, 
early school experiences, school involvement, family in-
come and maternal employment status on rate of high 
school dropout. 
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Table 1. Explanatory variables. 
 
Variable Value 
fem 1 if the student is female, 0 if the student is male 
ok 1 if the student attended high school in Oklahoma, 0 otherwise 
oohu Percent owner-occupied housing units in the 3-digit ZIP Code tabulation area of 

the student's high school according to Census 2000 
tp Total population in the 3-digit ZIP Code tabulation area of the student's high school 

according to Census 2000 
engact English ACT score 
mathact Math ACT score 
readact Reading ACT score 
sciact Science ACT score 
mathsat SAT Math score 
verbsat SAT Verbal score 
math Maximum (mathact, SAT math score translated to ACT) 
test Maximum (composite ACT score, SAT total score translated to ACT) 

 
 
 

Table 2. Descriptive statistics. 
 
 SAT Scores Only Both SAT and ACT Scores ACT Scores Only Entire Sample 
Students 62 186 181 429 
Grad. Rate 0.581 0.559 0.425 0.506 
Proportion fem 0.226 0.188 0.249 0.219 
Proportion ok 0.097 0.495 0.845 0.585 

 
 
 
MATERIALS AND METHODS 
 
Observation of student graduation has been explained as survival 
data where Cox (1972) proportional hazards models of time from 
enrollment to graduation are of interest. For a thorough develop-
ment of our methods the reader should consult Chimka et al. (2007-
2008) along with Walpole et al. (2002) for a good communication on 
the philosophy of maximum likelihood, and a mathematical statistics 
book for reference. 

The cohort followed for six and one half years is composed 
entirely of 429 first-time full-time students declaring an engineering 
major after being admitted in fall 1995 to the University of Okla-
homa directly from high school. Table 1 provides the variables 
examined here, along with their possible values, and Table 2 
presents descriptive statistics including graduation rates. It should  
be noted that while students of the cohort have declared an  
engineering major at some times, their majors are not necessarily 
engineering at all times. Thus there is the time dependent covariate 
engmaj. 

We begin by attempting to analyze the three specific datasets 
originally presented in Chimka et al. (2007 - 2008) and consider 
additionally interactions between the main effects. The datasets are 
1) SAT scores only, 2) ACT scores and male students only, 3) 
female students only. Results appearing in Tables 3 through 5 
require the following interpretation. The hazard ratio or relative risk 
appears in column 2. Hazard ratios greater than one indicate 
increases in likelihood of graduation. Standard errors appearing in 
column 3 show variability of hazard ratio point estimates. Column 4 
shows probabilities associated with appropriate values from the 
standard normal distribution. 
  We also attend to tests of the  proportional  hazards  assumption; 

different individual explanatory variables' hazard curves must be 
proportional to an arbitrary, unspecified baseline hazard function. 
The assumption was rejected using Schoenfeld (1982) residuals 
with “α = 0.05” (Grambsch and Therneau, 1994). There exist tests 
of model significance and proportional hazards, sometimes referred 
to as global tests. Relevant statistics have the χ2 distribution.  All 
tests were performed using Stata Statistical Software (StataCorp, 
2005). 
 
 
RESULTS 
 
For students submitting only SAT scores upon applica-
tion, there are not enough observations to support the 
interaction model. There is nothing to amend these re-
sults of the first article (Chimka et al., 2007-2008): Stu-
dents with better SAT Math scores, and female students, 
were more likely to graduate among students submitting 
only SAT scores upon application. 

For the interaction model using male students with ACT 
scores only, the proportional hazards assumption is vio-
lated due to interaction between engmaj and ok, so four 
separate models were next estimated. a)  engmaj = 0, ok 
= 0  b) engmaj = 0, ok = 1  c) engmaj = 1, ok = 0 d) 
engmaj = 1, ok = 1. 

For male students with ACT scores only attending high 
school outside of Oklahoma (separate models a. and b. 
above), there  are not enough  observations  to  estimate 



                                                                           

 
 

 
 
 
 

Table 3. ACT scores and male students only (engmaj = 0, ok 
= 1; n = 109 obs. for 62 students). 
 

 Hazard 
ratio 

Standard 
error 

P > |z| 

oohu 0.70 0.13 0.049 
tp 1.00 1.41E-5 0.070 
engact 0.04 0.04 0.001 
readact 0.57 0.41 0.443 
sciact 2.66 2.22 0.239 
oohu × tp 1.00 1.97E-7 0.326 
oohu × engact 1.02 0.01 0.050 
oohu × readact 1.02 0.01 0.086 
oohu × sciact 0.98 0.01 0.083 
tp × engact 1.00 3.59E-7 0.006 
tp × readact 1.00 5.02E-7 0.001 
tp × sciact 1.00 4.37E-7 0.900 
engact × readact 0.98 0.01 0.227 
engact × sciact 1.08 0.03 0.004 
readact× sciact 0.98 0.01 0.056 

 
 
 

Table 4. ACT scores and male students only (engmaj = 1, ok 
= 1; n = 133 obs. for 105 students). 
 

 Hazard 
ratio 

Standard 
error 

P > |z| 

oohu 0.49 0.38 0.362 
tp 1.00 6.44E-5 0.318 
engact 0.01 0.04 0.236 
readact 59.47 217.57 0.264 
sciact 48.17 80.99 0.021 
oohu × tp 1.00 1.04E-6 0.145 
oohu × engact 1.03 0.02 0.261 
oohu × readact 0.98 0.02 0.503 
oohu × sciact 0.98 0.02 0.462 
tp × engact 1.00 3.30E-6 0.228 
tp × readact 1.00 3.10E-6 0.303 
tp × sciact 1.00 6.10E-7 0.002 
engact × 
readact 

1.01 0.02 0.528 

engact × sciact 1.00 0.03 0.908 
readact × sciact 0.94 0.03 0.095 

 
 
 
the models. For models where ok = 1, see “Tables 3 “stu-
dent's major is not engineering) and 4 (student's major is 
engineering), and keep in mind results share common 
students, as engmaj is time-varying. 

Among students from Oklahoma high schools, while 
non-engineering majors, those with better English ACT 
scores were less likely to graduate (P > |z| = 0.001). This 
result would seem strange, and it is not true of  the  asso- 
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Table 5. Female students only (n = 214 observations for 
94 students). 
 
 Hazard 

ratio 
Standard 

error 
P > |z| 

engmaj 0.01 0.03 0.224 
ok 0.04 0.14 0.405 
oohu 0.93 0.09 0.449 
tp 1.00 2.49E-6 0.004 
math 0.37 0.26 0.160 
test 2.15 1.06 0.121 
engmaj × ok 1.69 1.14 0.433 
engmaj × oohu 1.07 0.04 0.092 
engmaj× tp 1.00 6.73E-7 0.135 
engmaj× math 0.74 0.05 0.000 
engmaj× test 1.31 0.12 0.002 
ok × oohu 1.00 0.05 0.932 
ok × tp 1.00 1.23E-6 0.773 
ok × math 0.81 0.09 0.052 
ok × test 1.34 0.17 0.017 
oohu × tp 1.00 5.45E-8 0.041 
oohu × math 1.02 0.01 0.020 
oohu × test 0.98 0.01 0.025 
tp × math 1.00 1.56E-7 0.105 
tp × test 1.00 1.37E-7 0.105 
math × test 1.00 0.01 0.645 

 
 
 
ciated group of students while engineering majors (P > |z| 
= 0.236). There may be ground for belief here that stu-
dents with greater English ACT scores should for what-
ever reason try even harder than other students to persist 
as engineering majors once they have declared them-
selves as such. This model as a whole is statistically sig-
nificant (global P-value > χ2 = 0.0000), and there is no 
evidence that the proportional hazards assumption for the 
entire model has been violated (global P-value > χ2 = 
0.9910). 

Among the associated students from Oklahoma high 
schools, while engineering majors, there is the same 
significant result as found in the main effects model for 
ACT scores and male students only: Students with great-
er Science ACT scores are more likely to graduate 
(Chimka et al., 2007-2008). The new model as a whole is 
statistically significant (global P-value > χ2 = 0.0000), and 
there is no evidence that the proportional hazards as-
sumption has been violated (global P-value > χ2 = 
0.9947). 

The same result is not evident for associated non-engi-
neering students, but there is significant interaction 
among them between English ACT and Science ACT (P 
> |z| = 0.004). This means that, while Science ACT is not 
generally important to describing  variation  in  graduation  



                                                                           

 
 

032        Educ. Res. Rev. 
 
 
 
of non-engineering students, it very well may be for cer-
tain ranges of English ACT. Let us continue to examine 
this interaction with respect to medians based on all rele-
vant observations of English ACT (25) and Science ACT 
(24). For relevant students with English ACT scores less 
than the median, just 1/6 students (about 17%) with 
Science ACT scores less than 24 graduated, while 9/22 
students (about 41%) with Science ACT scores greater 
than or equal to 24 did graduate. 

Finally we consider interactions in addition to main 
effects for female students only. This model as a whole is 
statistically significant (global P-value > χ2 = 0.0000), and 
there is no evidence that the proportional hazards as-
sumption for the entire model has been violated (global 
P-value > χ2 = 0.9774). Controlling for other descriptors 
and all available first-order interaction, we find significant 
interaction between engmaj, and both math and test.  

Note that math is the maximum of student's math ACT 
score and SAT math score translated to ACT; test is the 
maximum of student's composite ACT score and SAT 
total score translated to ACT. Let us examine in more 
detail the interaction between engmaj and math, since it  
is more specific  than test.  Since engmaj is dichotomous 
we next stratify appropriately and fit separate main 
effects models for females while they are (not) engi-
neering majors. We find that, while engineering majors, 
female students with greater math scores are more likely 
to graduate; while non-engineering majors, math scores 
among females may not really matter. Remember these 
are results of main effects models controlling for ok, 
oohu, tp and test. 
 
 
DISCUSSION 
 
Though variables were dropped due to predictors lacking 
independence in our first study, effects of interaction 
have now been seen to illuminate results otherwise less 
obvious. In summary, results reported here are the foll-
owing. 

Male students from Oklahoma high schools with better 
English ACT scores were less likely to graduate while 
non-engineering majors, suggesting it may be more 
important for students (having declared engineering as a 
major) with greater English ACT scores to persist as 
engineering majors. Otherwise the greater English ACT 
score seems to become a liability in relation to gradu-
ation. In this same group, but for students while they are 
engineering majors, students with greater Science ACT 
scores are more likely to graduate. This result holds true 
for students while non-engineering majors, if those 
students have lesser English ACT scores. Finally we 
have observed among female students that greater math 
scores increase the probability of graduation while major 
is engineering. Otherwise there is no such significant re-
sult for female students. 

 
 
 
 

If interest in proportional hazards models of graduation 
continues to persist, we might find results of the following 
future work. The notion of time dependent effects seems 
interesting and worthy of   more   attention. While our sur-
vival analysis has been to determine student attributes 
affecting college graduation, future work should perhaps 
turn to predicting probability of response or mean lifetime. 
Finally, more should be done to illustrate proportional ha-
zards models of graduation with log-log plots of survival, 
and Kaplan-Meier and predicted survival plots. 
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