
Poughkeepsie, NY, USA

Predictors of Freshmen Attrition: 

A Case Study of Bayesian Methods 

and Probabilistic Programming

Eitel J.M. Lauría



Let’s start with a short quiz…

What do they have in common? 
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Why It Matters
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Source:  National Center for Education Statistics, Retrieved 5/5/2025

Freshmen 
attrition: 
~10% 
nationwide 

Source: National Center for Education Statistics. Cohort entry year 2010

Graduation Rate within 4 years

36%

Source:  U.S. Dept. of Education, 
Postsecondary Education Data System (2009)

Graduation rate within 6 years: 60% (approx.)
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Research Questions

1. How do student demographics, high school and university 
academic performance, and student activities affect the 
odds of freshmen attrition?

2. Is there considerable fluctuation in freshmen attrition 
across different academic years and among different 
schools?

3. Bayesian vs. frequentist models: how do they compare?



14TH INTERNATIONAL CONFERENCE ON DATA SCIENCE, TECHNOLOGY AND APPLICATIONS

The Data
• 9 years of data (2012-2018, and 2021-2022)
• 2019-2020 skipped (COVID)
• Each record: accepted and registered freshman 

student in the Fall of the corresponding academic 
year.

• 10921 records from 6 schools, with 1154 instances of 
attrition.

• 10.6% did not return
• Data was imputed  using KNN
• Numeric variables were scaled as z-scores
• Outliers, Correlations and Variance Inflation Factor 

(VIF) checked.
• Predictors had a VIF < 5, meaning multicollinearity is 

not a major concern.
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Bayes' Theorem: 
✓Embraces and quantifies 

uncertainty
✓Gives distributions, not just 

point estimates
✓Prior knowledge = 

regularization
✓No overreliance on p-values

Why Bayesian?

( | ) ( | ) ( ) ( )P X P X P P X  = 



Bayes in Educational Research
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• Bayes: underused in education analytics

• Lots of work with ML and traditional stats

• Few studies use Bayesian inference
➢Relegated to certain niches: 

✓Bayesian knowledge tracing (in intelligent tutoring systems)

✓NLP and text mining

✓Bayesian nets

• Try searching these keywords in Google Scholar: 
student retention (or attrition), predictors and 
Bayesian / MCMC / Markov chain Monte Carlo / 
variational inference / NUTS
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Hierarchical Models

Partial pooling via 
varying intercepts

Data is nested: 

Students → Schools, Years
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Hierarchical Models
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Setting the Priors
• The choice of the Intercept’s prior as Normal(-2.2, 1.0) is 

based on the approximate 10% attrition rate. 

• StudentT(ν=3, ν=0, σ=2.5) on correlated predictors or 
predictors with moderate outliers.

o ν=3 allows for some large deviations and σ=2.5 keeps the 
prior weakly informative.

• Normal weakly informative priors -Normal(0,2.5) for all other 
predictors.

• For group effects (School and AcademicYear), HalfNormal(2.5). 

o A σ = 2.5 allows for moderate variation while keeping the 
group-specific intercepts within a rather similar scale as 
the fixed-effects intercept.
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Software Platform

• Bambi  (Bayesian Model Building Interface), a Python 
package for generalized linear models built on top of PyMC 
to model the hierarchical logistic regression.

•  The ArviZ package for exploratory analysis, diagnostics and 
to produce visualizations. 

•  Bayesian models used the No U-Turn (NUTS) algorithm to 
obtain the posterior distribution samples of the regression 
parameters. 

• We chose the NumPyro backend implementation of the 
NUTS sampler. 

Not this one.

This one  ☺

Sorry…
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MCMC Chains and Convergence
• Samples of the posterior distributions 

for the logistic regression parameters 
were computed using 4 chains of 
5000 samples each, with a warm-up 
period of 1000 samples for each of 
the chains. 

• Chains were tested and no 
divergences were found (they mix 
well).

• Convergence of the model was 
assessed using  ෠𝑅 < 1.01 as the 
threshold for acceptable convergence.
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Posterior Metrics and Model Quality

Bayesian version of "The Scream," Edvard Munch, 1893 
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Fixed Effects Results

Strong predictors:
• GPA (-), Unmet Need (+)
• Tutoring (-), Work-study (-)

• Gender (male = less attrition)
• Dean’s List (+) (???)
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Group Effects

Random intercepts:

• Academic Year (COVID 
bump)

• School (LA > CC in attrition)

• Odds ratio LA vs. CC ≈ 1.57
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Bayes vs. Frequentist

• Used pymer4 (GLMM)

• Check Intercept and Tutoring

• Bayes shrinks extreme estimates, better 
with small groups, and uncertainty is built in



14TH INTERNATIONAL CONFERENCE ON DATA SCIENCE, TECHNOLOGY AND APPLICATIONS

Takeaways

• A guideline on how to analyze and report findings in the context 
of Bayesian methods and probabilistic programming. 

• College academic performance, financial need, gender, tutoring, 
and work-study program participation have a significant effect on 
the likelihood of freshmen attrition. 

• Fluctuations across time and schools may require potential 
customized intervention strategies. 

• Actionable findings to stakeholders, administrators, and decision-
makers in higher education. 
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Takeaways (and call to action)

•Bayesian models = transparent, flexible

•Probabilistic programming = scalable

•More than prediction → better decisions

• Try Bayesian tools (e.g. Bambi/PyMC)

• Think probabilistically 
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Questions?
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Eskerrik asko!

¡Muchas Gracias! 

Thank you! Merci!
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