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Introduction

qMachine learning model types
qBlack box and white box models

qModel interpretability methods
qPre- and post-hoc interpretability methods

qModel-agnostic versus model-specific 

qGlobal versus local explanations

q Challenges and limitations
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Machine Learning Models

qBlack box models
qExamples: forest model, gradient boosting, deep neural networks
qProvide highly accurate predictions
qAbility to detect nonlinear relationship and complicated interactions
qHard to interpret due to large number of parameters, association layers, 

qWhite box models
qExamples: Regression, decision trees, etc.
qSimplicity and easy to understand
q Model parameters are interpretable
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Machine Learning Models
Attributes

qAccuracy, fairness, transparency
qBias
qUnintended/Unanticipated results

qRelevance and meaningfulness
qFeatures selection and rules
qDynamics between model input features and model output predictions
qHow a single or combination of features partially influence model predictions

qEvidence generation
qModel reliability
qModel replicability and reproducibility
qModel generalizability
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Model Interpretability Methods

qVariable importance
qExamples: forest model, gradient boosting, deep neural networks

qPartial dependence (PD) plot
qDepict functional relationship between a model’s predictions and model inputs 
qShow how model’s predictions partially depend on input variables’ values

qIndividual conditional expectation (ICE) plot
qDisaggregate PD function to reveal interactions and interesting subgroups
qAbility to drill down to the level of individual observations

qOthers: LIME, Shapley, etc.
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Partial Dependence Plots 
One-Ways and Two-Way Plots

Time spent in hospital by HbA1c statusOne-Way Plot of HbA1c status 

(Logistic model) (ML models comparison) 
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Post-prediction Model Features Association Check
PMFAC Plot 

qPost-hoc model-agnostic technique for checking post-predictive model 
predictions

qSensitivity and discrepancy test check of observed test statistics from the 
training data compared with predicted test parameters from scored 
replicate samples of the data

qPost-hoc model-agnostic check of the model predictions and model 
inputs based on the observed data and scored replicates to detect 
variable interactions and association patterns

qCheck model predictions and explore model fit for improvement
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Model Features Interaction Types 
Intuition behind PMFAC Plot

§ (a) Group effect=No, Treatment 
effect=No

§ (b) Group effect=No, Treatment 
effect=Yes

§ (c) Group effect=Yes, Treatment 
effect=No

§ (d) Group effect=Yes, Treatment 
effect=Yes (no interaction)

§ (e) Group effect=Yes, Treatment 
effect=Yes (quantitative)

§ (d) Group effect=Yes, Treatment 
effect=Yes (qualitative)
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Use Case Demonstration
30-Day Hospital readmission risk prediction model

• Objective: 
• Use the PMFAC macro program for post-hoc model-

fit check and generate model interpretability plots 
for predictive modeling of the impact of HbA1c 
measurement on 30-day hospital readmission risk 

• Data: 
• Diabetes data set downloaded from the UCI 

Machine Learning Repository
• Number of patients – 69,980

• Solution:  
• Fitted gradient boosting, forest, neural net, and 

logistic models.
• PMFAC plots and PD function plots for model fit 

checks and features association interpretation
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Model Studio Pipeline
30-Day Hospital readmission risk prediction model
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Key Variables Information
30-Day Hospital readmission risk prediction model
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Key Variables Information
30-Day Hospital readmission risk prediction model
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Model Interpretability (Variable Importance)
30-Day Hospital readmission risk prediction model

Gradient Boosting Forest Model
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Model Interpretability (PD & ICE Plots)
30-Day Hospital readmission risk prediction model

Gradient Boosting Forest Model
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PMFAC Plot for Model Fit Check
30-Day Hospital readmission risk prediction model

ML Predictive Model Results Check (ModelType = GradientBoost - Replicates)
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PMFAC Plot
HbA1c status
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PMFAC Plot
Diabetes medication and HbA1c status
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PMFAC Plot
Age group and HbA1c status
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PMFAC Plot
Number of diagnoses (binned) and HbA1c status
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PMFAC Plot
Length of stay (binned) and HbA1c status
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Takeaways

• Machine learning interpretability tools
• explain predictions from complex black box models 
• explain dynamic relationship between model inputs and output 

predictions
• PMFAC plots
• check for consistency and reproducibility of ML model results 
• reveal input variables dependency and interactions
• show how changes in model input variables can influence model 

predictions in different population samples
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Questions?
David Olaleye

David.Olaleye@sas.com
https://www.linkedin.com/in/dave-olaleye-29005353/

http://sas.com
https://www.linkedin.com/in/dave-olaleye-29005353/

