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Introduction

& Motivation

- 76% readmissions are avoidable.

- High cost of avoidable readmissions ($17 Billion)

« Hospital Readmissions Reduction Program (HRRP).




Problem
Formulation

« Improved Decision Support Systems to reduce readmissions:
- Predictive ability of Electronic Health Record(EHR) data.

« Predicitng ICU readmissions using EHR.

- Deep Learning models like RNNs, good for sequential data.

- Slow clinical adoption of "black box" models.
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Literature

Review

radeoff: Interpretability vs Predictive accuracy (choi, et al, 2016):
« Interpretable Models using Lasso LR (Jovanovic, et al, 2016).
- LSTM RNN for risk prediction (Lipton, et al, 2016).
- Knowledge Distillation approach (Hinton, et al, 2015).

- Interpretable Deep Models for ICU outcome prediction (Che, et al, 201

ML Algorithmic Trade-Off
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MIMIC "I Trends in the Data

Medical Information Mart for Intensive Care

11.9% adult patients readmitted to ICUs within 30 days.
+ EHR collected between 2001 and 2012.

- Data indested to a PostgreSQL server.
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Proposed
Model

Student Model

Temporal Features

Teacher Model

| Interpretable

: Model
=

soft output labels \'\

Deep Learning
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- Examples:blood cultures, ABP [Diastolicl]ABP [Systolic],
Albumin, Heart Rate, Respiratory rate

- Irregularly spaced time sequences
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- Selected 17 temporal features.
- Modelling missing data: i. Forward filling ii. O-imputation

« Feature Normalization



- Examples: Demographics, Insurance, Lab Test Results

subject_id hadm_id icustay_id first_careunit last_careunit age \
145834 211552 MICU MICU 76.526788
185777 294638 MICU MICU 47.845044
107064 228232 SICU SICU 65.940670
1508756 220597 MICU MICU 41.790226
11 194540 229441 SICU SICU 50.148292

gender marital status insurance IsReadmitted
M MARRIED Medicare
SINGLE Private
MARRIED Medicare
NaN Medicaid
MARRIED Private

- Generated Severity Scores:
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- Selected 52 out 753 lab items

- Feature Normalization
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For Seqential Features

i-,LmJ (LSTM)

dropout_1 (Dropou 200, 256)
202, 1)

Total params: 322,817

Trainahle params: 322,817
Non-trainable params: @

Model Parameters

« For non-temporal features - For interpretable Models
+ Feature Selection

Model Development




- For Segential Features

lstm 1 (LSTM) (None, 200, 256)

dropout_1 (Dropout) (None, 200, 256)

time_distributed 1 (TimeDist (None, 200, 1)

Total params: 322,817
Trainable params: 322,817
Non-trainable params: ©

Model Parameters



- For non-temporal features - For interpret
- Feature Sele

Layer (type)
dense_1 (Dense)

dense_2 (Dense)

dense_3 (Dense)

dropout_1 (Dropout)
dense_4 (Dense)
Total params: 10,141

Trainable params: 10,141
Non-trainable params: ©




- For interpretable Models
- Feature Selection

ERRORS
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Perfomance of DNN

s AUROC-DNN: 0.707

- Deep Neural Networks performed better compared to LSTM

+ AUROC decreased when the hyperparameter(epochs)

Epoch
388




Perfomance of XGB Important Predictors

XGBoost: Interpretable Model

Grid-Search AUROC

‘binary:logistic’

erl
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Best set of parameters through
grid-search cross-validation







