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Introduction

dMachine learning model types

A Black box and white box models

OModel interpretability methods
QPre- and post-hoc interpretability methods

L Model-agnostic versus model-specific

U Global versus local explanations

O Challenges and limitations
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Machine Learning Models

dBlack box models
O Examples: forest model, gradient boosting, deep neural networks
QProvide highly accurate predictions
QAbility to detect nonlinear relationship and complicated interactions
O Hard to interpret due to large number of parameters, association layers,

dWhite box models
O Examples: Regression, decision trees, etc.
ASimplicity and easy to understand
O Model parameters are interpretable
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Machine Learning Models
Attributes

dAccuracy, fairness, transparency
QBias
Q Unintended/Unanticipated results

dRelevance and meaningfulness
O Features selection and rules
O Dynamics between model input features and model output predictions
OHow a single or combination of features partially influence model predictions

dEvidence generation
O Model reliability
O Model replicability and reproducibility
O Model generalizability
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Model Interpretability Methods

dVariable importance
O Examples: forest model, gradient boosting, deep neural networks

dPartial dependence (PD) plot

O Depict functional relationship between a model’s predictions and model inputs
O Show how model’s predictions partially depend on input variables’ values

dIndividual conditional expectation (ICE) plot
QO Disaggregate PD function to reveal interactions and interesting subgroups

QA Ability to drill down to the level of individual observations

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

One-Way Plot of HbAlc status Time spent in hospital by HbAlc status

PD Plot by Model Type

GradientBoost Logitistic RandomForest
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Post-prediction Model Features Association Check
PMFAC Plot

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

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

dPost-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

dCheck model predictions and explore model fit for improvement

Gsas



Model Features Interaction Types
Intuition behind PMFAC Plot

5 (a ) G rou p eﬂ:e Ct: N O, Treat me nt Types of Statistical Interaction

ff N a.No-GroupEffect/No-TreatEffect h.No-GroupEffect/TreatEffect c.GroupEffect/No-TreatEffect

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

= (c) Group effect=Yes, Treatment \
effect=No :

= (d) Group effect=Yes, Treatment
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d.GroupEffect/TreatEffect(No-Interaction)  e.GroupEffect/TreatEffect(Quantitative) f.GroupEffect/TreatEffect(Qualitative)
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Use Case Demonstration
30-Day Hospital readmission risk prediction model

O bJ ective: Research Article

« Use the PMFAC macro program for post-hoc model- Impact of HbAlc Measurement on Hospital Readmission Rates:
f|t Check and generate mode| |nterpretab|||ty p|ots Analysis of 70,000 Clinical Database Patient Records
for predictive modeling of the impact of HbAlc

measurement on 30-d ay hos P ital readmission risk Beata Strack,' Jonathan P. DeShazo,” Chris Gennings,’ Juan L. Olmo," Sebastian Ventura,’
Krzysztof J. Cios," and John N. Clore®

® D ata : "Dvpm*mh’n{ of Computer Science, Virginia Commonwealth Uni

tia Common llﬂl

« Diabetes data set downloaded from the UCI DxartenfConputer i ad e
M a C h | ﬂ e I_e a r n | ﬂ g Re p o S |to ry Ihpurrmmf of Medicine, Virginia Commonwealth University, Richmond, VA 23298, USA

Correspondence should be addressed to John N. Clore; jclore@mcvh-vcu.edu

© N u m b e r Of p at | e nts = 6 9 ) 9 8 O Received 19 November 2013; Revised 25 February 2014; A 7 March 2014; Published 3 April 2014

Academic Editor: Ali Rizvi

C @ et al. This is an open acce icle distribute el . Commons Attribution License,
which erITlI[S unrestricted istribution, and reproduction in any medium, provi 1de the original work is properly cited.
o
S 0 | u t | O n . Management of emia in hosplta]lzed pallcnts has a significant bearing on outcome, in terms of both morbidity and

mortality. How ere are fer f care during hospitalization which could serve as a baseline for
- - e g ical dalabasr (‘4 ml]hon unique encounters corresponding to 17 million unique patients) was

. Fitted grad T=Yals boostmg forest neural net. and ch anassessme ons which mightlead to mprovements i patient saety.
: g 4 4 4 70,000 inpatient diabetes encounters were identified with sufficient detail for analysis. Multivariable logistic regression was ed to
| o g | St | C m O d e | S . fitthe relationship between the measurement of HbAlc and early readmission while controlling for covariates such as demographics,
severity and type of the disease, and type of admission. Results show that the measurement of HbAlc was performed infrequently

(18.4%) in the inpatient setting. The statistical model suggests that the relationship between the proba of readmission and the

o P M FAC p | OtS an d P D -l:u n Ct | on p | OtS fo r mo d e | flt Hbr\le measturement dcpelnds on Fhe pri}'nary d_lagngsis. The gm} : _YlI'ur.(‘hcr.Ihat the greater attention to diabetes reflected in

HbAlc determination may improve patient outcomes and lower cost of inpatient care.

checks and features association interpretation
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Model Studio Pipeline

30-Day Hospital readmission risk prediction model

ROC Curves for Comparisons

Diabetes Readmission Model Pipeline

Run Pipeline
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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

tabulations
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Model Interpretability (Variable Importance)

30-Day Hospital readmission risk prediction model

Mode! Variable Importance Model \ ble Importance
Variable Label Variable Name Training Import... Importance Sta... Relative Import... Variable Label Variable Name Training Import... Importance Sta... Relative Import...
discharge_dispos P ) number_inpatient 4.377 4.4285
tion
1.
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0.0011 chlorpropamide Yes .0299 1 0.0090

Gradient Boosting




Model Interpretability (PD & ICE Plots)

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

30-Day Hospital readmission risk prediction model

ML Predictive M odel Results Check (M odelType = GradientBoost - Replicates)

ML Predictive M odel Results Check (M odelType = GradientBoost - Observed) Replicate =1 Replicate =2 Replicate =3
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T
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PMFAC Plot
HbA1lc status

PPDS-Sample = 1 PPDS-Sample = 2 PPDS-Sample =2
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PMFAC Plot

Diabetes medication and HbA1lc status
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PMFAC Plot
Age group and HbA1c status

PPDS-Sample = 1 PPDS-Samaple = 2 PPDS-Samaple = 2
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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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David Olaleye
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