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Are there significant differences in prediction accuracy between modern
data-mining approaches and classical regression methods? Which approach
is easier to explain to enrollment managers when estimating student
outcomes of varying levels of complexity? Complexity in the data is typically
associated with quality, quantity, and the interaction of predictor variables. To
test for such differences, this study compares the classification accuracy of
a random forest algorithm with binomial logistic regression for purposes of
predicting student admission yield. Findings are translated into operationally
meaningful indicators in the context of enhanced institutional research on
yield prediction and enrollment forecast analysis. Although the selection of
predictor variables is guided by the research on estimating admission yield
at a large public university, the presentation focuses on which method
promises greater prediction accuracy and how easily each approach can be
explained to enrollment managers who also desire interpretable results.

Abstract

Introduction & Research Questions 

Objective is to identify ‘fence sitter’ non-resident freshmen accepts at peak 
recruitment season (March 1st) by developing a logistic regression model 
and random forest model to predict enrollment likelihood of future cohorts.

Data source: UH matriculation system (Banner ODS)

Student cohorts: New first-time freshmen non-resident admits,
University of Hawai’i at Manoa
- Fall entry 12’, 13’, 14’, 15’, 16’ for model dev. (training set, N=16,420)
- Fall entry 17’ for model validation (holdout set, N=4,270)

Data elements:
Contact: expressed interest, number of applications
Geographic: distance, residency, geographic region, high yield high school
Geodemographic: geographic region by ethnicity, gender, SES
Academic: program of study
Timing: date of application days/weeks until semester start
Financial: FAFSA submitted

Data analysis methods: Binomial Logistic Regression and Random Forest

Research Design & Data Collection 

• The random forest model performed at parity with the binomial logistic 
regression model in terms of prediction accuracy.

• Despite calls that data mining methods are far superior to classical 
regression methods in prediction accuracy, this study demonstrated that a 
properly tuned logistic regression model can still perform optimally.

• Conversations with admissions and enrollment management 
substantiated that results from the logistic regression analysis were easier 
to interpret.

Conclusions

Introduction
Adoption of predictive analytics in institutional research is more prevalent
than ever. Higher education institutions are increasingly being measured by
rates (such as enrollment, retention, and graduation) coupled with a ‘big
data’ environment that is rapidly becoming more sophisticated. Because of
this, institutional researchers need to improve their ability to predict
outcomes. The most commonly used statistical method for institutional
researchers’ predictive analytic tasks is classical regression (He, Levine,
Fan, Beemer & Stronach, 2018). As data mining emerges as a new and
promising tool for enhancing predictive analytics, its deviation from
traditional statistics presents challenges of learning new concepts,
terminology, and data acumen. This session presents improved ideas for
predicting student admission yield by comparing the results of a traditional
regression model with a more modern machine learning approach. Five
years of freshmen admissions data at a R1 public university (N = 16,420
nonresident students) was used to develop two statistical models to predict
students’ enrollment probabilities: one model using standard binomial
logistic regression and a second model using random forest.

Research Questions
1. Does random forest produce better classification accuracy than logistic 
regression when predicting admission yield at a large R1 university?

2. Are the statistical results from random forest “easier” to interpret for 
enrollment managers than logistic regression?

Figure 1. A conceptual example of a random forest model (left) and a logistic regression model (right).

Figure 2. Logistic Regression Results (run in SPSS)

Figure 4. Correct Classification Rate Results

VS

Exploratory data analysis:
- Variable selection (bivariate correlation on outcome variable)
- Variable coding (continuous vs. dummy/binary)
- Missing data imputation
- Derived variable(s)

HSPrep = (HSGPA*12.5)+(ACTM*.69)+(ACTE*.69) (not used today)

Logistic regression model:
- Preliminary model fit (-2LL test/score, pseudo R2, HL sig.)
- Refine model fit with stepwise selection and backwards elimination; 

choose parsimonious model
- Check for outliers with diagnostic tools (Std residuals, Cook’s)
- Check for collinearity (VIF)
- Check correct classification rate (CCR) for enrollees vs. non-enrollees 

(i.e., model sensitivity vs. specificity) using baseline probability and 
Receiver Operating Characteristics (ROC) curve. - Check for 
consistency across training sets (stratified sampling)

Random forest model:
- Set hyperparameters in Random Forest:

- Number of trees to grow in the forest. Typical values are around 
100-500. More trees sometimes leads to overfitting.

- Number of variables randomly sampled as candidates at each split 
for a particular tree.

- Sampling should be done with or without replacement (set the seed).
- Tune the cutoff value for parsimony in classification rate.
- Check the out-of-bag (OOB) error rate.

Data Management Tasks

Results

Admission Decision LR RF
Non-Enrollees 80.9 83.9
Enrollees 54.5 54.4
Overall Accuracy 76.4 78.9
R square 0.274 N/A

LR= Logistic Regression; RF= Random Forest

Prediction Model Correct Classification Rate (%)

Figure 3. Random Forest Results (run in R Studio)


