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Academic Analytics

➢A new tool to make student-learning decisions (Campbell & Oblinger, 2007)

➢Helps identify data based interventions to enhance student performance (Booth, 2012)

➢Guide efforts focused on the improvement of teaching and learning (Booth, 2012)

➢Usage for continuous improvement decisions grounded in evidence (Yuan, 2012)



Academic Analytics

➢The implementation and manipulation of aggregated student data to identify 
patterns of student success, course completion, retention rates, graduation 
rates, and other institutional research (Campbell & Oblinger, 2007)

➢The analysis of student data provides information that helps higher 
education institutions understand what is occurring, what they can do, and 
how potential changes may impact the future (Romeo, 2013; Simon et al., 
2013)



Academic Analytics: Prediction

➢Provides the ability to predict which groups students will most likely fall into 
by determining future success and/or failure (Leech, Barrett, & Morgan, 2011)

➢ Nursing students: success or failure on the NCLEX-RN examination (Haas, Nugent, & Rule, 
2004)

➢ Dropouts from distance education (Parker, 1999)

➢ Retention in online education general education courses (Morris, Wu, & Finnegan, 2005)

➢ Students at risk (Thomas, et al., 1996)

➢ Pre-entry variables related to retention (Osborn, 2001)

➢ Pre-entry variables related to retention in online distance education (Dupin-Bryant, 2010)

➢ Identifying students for a corequisite college algebra course (Underwood & Underwood, 2014)



Arkansas Tech University

➢Public 4-year institution

➢11, 369 total enrollment

➢10, 482 undergraduate enrollment

➢Rural--60% first generation

➢Economic Challenges–59% Pell grant recipients 

➢69% first to second year retention rates full-time students

➢41% graduation rate—second highest in Arkansas

➢59% graduation rate—national average



Gateways To Completion G2C 

Predictive Analytics: (two primary questions)

➢How well does a predictive model of student success in gateway courses predict 
actual success?

➢How well does a predictive model for identifying students to be in an enhanced 
(corequisite) college algebra course predict actual success?



Gateways To Completion G2C 

Year One– Selecting Courses for Change

DFWI Rates: 14.6% to 58.0%

Five High Risk Courses: DFWI Rates

College Algebra 37.1%

Survey of Am History 33.1%

Intro/Biological Science 29.7%

General Psychology 23.5%

Principles of Accounting I 58.0%



Question1: G2C Courses

➢ Identify the best predictors of student success and failure using discriminant analysis

➢ Identify a discriminant function 

➢ Predict the likelihood of student success or failure based on known variables

➢ Successful - Students who successfully completed the course: A, B, or C

➢ Unsuccessful - Students who received: D, F, I, or W

➢ “W”: Analysis of Variance showed no significant difference between W or F

➢ Stepwise procedure: using all variables violated the assumption of equality of covariance 
matrices, several variables in the full model could be highly correlated and responsible for 
the violation due to multicollinearity, and stepwise uses only those variables accounting for 
unique variance.



Valid Cases Used to Derive Model

Model N Discriminant Model

Cross Course 4124 D = (.329*High School_GPA) + (.058*ACT_Science)+(1.221*Cumulative_GPA) – 5.730

ACCT 2003 344 D = (1.564*Cumulative_GPA) + (.083*ACT_Science) – 6.505

BIOL 1014 768 D = (1.515*Cumulative_GPA) + (.072*ACT_Science) – 5.798

HIST 1903 977 D = (1.262*Cumulative_GPA) + (.044*ACT_English)+(.042*ACT_Science) – 5.375

MATH 1113 1536 D = (.522*High School_GPA) + (1.064*Cumulative _GPA)+(-.032*ACT_Reading) 
+(.081*ACT_Math) – 5.702

PSY 2003 757 D = (.522*High School_GPA) + (1.061*Cumulative _GPA)+(-.032*ACT_Reading) 
+(.081*ACT_Math) – 5.702



Results: Model Classifications

Model 
Correctly 
Classified 

Overall

Model 
Correctly 
Classified 

Success

Model 
Correctly 
Classified 

Failure

Actual 
Correctly 
Classified 

Overall

Actual 
Correctly 
Classified 

Success

Actual 
Correctly 
Classified 

Failure

CROSS COURSE 79.3% 90.7% 73.6% 80.4% 81.3% 40.2%

ACCT 2003 75.0% 89.9% 64.7% 67.5% 78.9% 53.9%

BIOL 1014 82.4% 92.3% 77.8% 81.4% 76.9% 42.6%

HIST 1903 80.4% 91.8% 64.7% 65.7% 90.6% 42.3%

MATH 1113 79.6% 89.4% 70.6% 55.0% 76.8% 42.6%

PSY 2003 79.6% 89.4% 70.6% 53.5% 87.7% 30.2%

Green highlights instances were the model and the actual were very close.  The difference was mostly due to 
over predicting failures.  



Results: Model Classification Accuracy

Model 
Correctly 
Classified 

Failure

Actual 
Correctly 
Classified 

Failure

Model 
Incorrectly 

Classified 
Failure

Actual 
Incorrectly 

Classified 
Failure

CROSS COURSE 73.6% 40.2% 26.4% 59.8%

ACCT 2003 64.7% 53.9% 35.3% 46.1%

BIOL 1014 77.8% 42.6% 22.2% 57.4%

HIST 1903 64.7% 42.3% 35.3% 57.7%

MATH 1113 70.6% 42.6% 29.4% 57.4%

PSY 2003 70.6% 30.2% 29.4% 69.8%

Fewer students actually failed than were predicted to fail in each case. 



Question 2: Enhanced College Algebra Course

➢ Predictive model developed to identify students in remediation who were most likely to be 
successful if provided with additional help

➢ Two pilot sections of College Algebra MATH1113 created for fall 2014

➢ Each class would meet 5 days per week instead of the normal 3 with “just-in-time” 
remediation taking place in the course

➢ Academic Advising Office provided with model cutoff score for each entering freshman

➢ Criteria for inclusion, ACT Math score of less than 19 and Discriminant Score of +1.25 or higher

➢ Academic Advisors to steer students identified by the model into one the two pilot sections



Results

Corequisite Model: 

➢ As with many pilot projects, Murphy’s Law prevailed

➢ Many students were assigned to the pilot sections who should not have been assigned

➢ The criteria for assignment was an ACT Math score of less than 19 and a Discriminant Score of 
+1.25 or higher

➢ Out of 2 sections which should have provided 70 students, only 50 were actually assigned

➢ Out of the 50, only 42 should have been in remediation (ACT Math score of less than 19)

➢ However, for those assigned who met the criteria and the Discriminant Score was +1.25 or 
higher, 23 of 31 were successful for a success rate of 74.2%

➢ For those with a Discriminant Score +1.5 or greater, 17 of 22 were successful for a success rate 
of 77.3%

➢ For the group as a whole, 31 of 50 were successful for a success rate of 62%



Conclusions

G2C Course Prediction Model: 

In most of the cases, the actual result does not live up to the predictive model.  However, it 
should be noted that courses were being redesigned to improve student success during the 
time the study was being conducted. Most of the predictive loss was a result of students being 
predicted to fail who were actually successful.

Corequisite Course Model:  

➢ Expect things to go wrong with a pilot when many people are involved.

➢ For those who were legitimately placed in the pilot section, the success rate was very well 
predicted by the model.



Final Remarks

➢ The employment of academic analytics, used in combination with other forms of evidence, 
can assist educational institutions in determining the best plans to positively impact student 
success.

➢ It is less than ideal to run predictive models on courses that are undergoing significant 
change and expect to confirm the efficacy of the model. 

➢ When implementing a pilot study in which other people are involved, do everything you can 
to insure they will follow the guidelines they are given.

➢ Predictive studies of student success can identify students who may best benefit from 
certain types of educational opportunities (such as corequisite courses).

➢ The pilot project with College Algebra will be conducted again this fall with better controls.



Questions ???

Dr. David Underwood dunderwood@atu.edu
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