DUHS
Inpatient
General De-
compensation
Prediction

Ziyuan Shen,
Mengxuan Cui

Duke Institute
for Health Innovation

w

WO CENTER jir BIG DATA
d PRECISION HEALTH

Duke + a

DUHS Inpatient General Decompensation
Prediction

Ziyuan Shen!, Mengxuan Cui?

Duke University
Duke Institute for Health Innovation

November 17, 2019

lziyuan.shen@duke.edu, Department of Electrical and Computer Engineering, Duke University

2mengxuan.cui@duke.edu, Department of Biomedical Engineering, Duke University

1/24



DUHS
Inpatient

General De- CO ntent

compensation
Prediction

Ziyuan Shen,
Mengxuan Cui

Background & Significance

Purpose of Study

Exploratory Data Analysis

Data Preparation

Modeling

Conclusion

WO CENTER ir BIG DATA
d PRECISION HEALTH

Duke -iiim

Duke Institute
for Health Innovation

2/24



DUHS
Inpatient
General De-
compensation
Prediction

Ziyuan Shen,
Mengxuan Cui

Background &

Significance
=
5 iz
g i3
o) Ea
35 g8
25 gt
.ﬁf .;,
EE +
()
= A

Background & Significance
Purpose of Study
Exploratory Data Analysis
Data Preparation
Modeling

Conclusion

Content

3/24



DUHS
Inpatient
General De-
compensation
Prediction

Ziyuan Shen,

Mengxuan Cui

Background &
Significance

WO CENTER ir BIG DATA
d PRECISION HEALTH

Duke + a

Duke Institute
for Health Innovation

w

Backgroud

Patients in hospital may suffer decompensation

Fail to detect:
® Nurses have too much workload?
® Constantly observable information is insufficient for
decision making®
® General ward is usually harder setting than ICU®

e Consequences:
® Unplanned transfers, delayed transfers® to ICU increase
mortality and length of stay”
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Backgound & to deterioration®.

Significance
Current Strategies:
® Risk Scores
® National Early Warning Score (NEWS)
® Rothman Index (RI), etc
® Machine Learning (ML) algorithms
® | ogistic Regression
5 ® Random Forest
T ® Artificial Neural Network (ANN), etc
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acL continuous measure of patient condition using the Electronic Medical Record”. In: Journal of biomedical
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Purpose of Study

@ Define decompensation

® Create a state-of-the-art of the machine learning model
applied for decompensation detection

© Reduce deterioration and standardize response protocols
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Gap Analysis

Goal: identify and build predictive features for this project.

® Two sub-cohorts:

® encounter with outcome
® encounter without outcome

® Data element frequency
® number of times a data element is collected
® Data element prevalence
® percentage of patients who have a data element collected
® Ratio computation
® sort from largest to smallest
® medical knowledge input required
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® Based on cohort of project

- ® Update level of care of each unit
Data Anaysi ® Group by each ICU unit
® Count transfer-in number monthly
® Check abnormal occurrence (neo units)
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monthly number of transitions into ICUs

Outcome Quality Assurance

250

Jan 2016 Jul 2016 Jan 2017 Jul 2017 Jan 2018 Jul 2018

—— transfer_in_dep=DRAH INTENSIVE CARE UNIT date
\_dep=DRH CRITICAL CARE
\_dep=DRH SPECIAL CARE NURSERY
r_in_dep=DMP 6E MED/PULMONARY MICU
transfer_in_dep=DMP 6W TRAUMA SICU
\_dep=DMP 7W GENERAL/THORACIC/CARDIOTHORACIC SURGERY
—— transfer_in_dep=DMP SE NEURO ICU
transfer_in_dep=DUH N4200 PCICU
\_dep=DUH N5000-N NEONATAL ICN
\_dep=DUH N5000-T NEONATAL TRANSITIONAL
\_dep=DUH N5400 PBCU
r_in_dep=DUH N5600 PICU
\_dep=DUH N7200 CARDIOLOGY
\_dep=DUH N7700 CARDIAC INTENSIVE CARE
\_dep=ZZZDUH N7200 CCU
\_dep=2ZZDUH N7700 OB/ANTEPARTUM
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Patient Flow Analysis

Adult Decompensation OR To ICU Subcohort Patient Flow

Admission
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® Cohort Generation
® |npatient encounters
® Adult patients
® Emergency department to ICU transfer excluded
it ® Time Span
A * previous model: 2014 - 2018

® current model: 2015 - 2018
® Pre-encounter features
® 1-year look-back method
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® previous model:
® non-ICU to ICU transfer

® current model:

® ED to ICU excluded
Data ® operation room (OR) to ICU excluded

Preparation
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® Vitals
® laboratory results

® Medications
® Diagnosis
[P>fet:aration ® keep all 260 categories
® two variables: one indicating comorbidity 0-3 months
before encounter, another indicating comorbidity 3-12
months before encounter
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e Unit Conversion:
® Convert units and parse number values

® Post Processes:

Data
Preparation L4 Drop null values
® Drop duplicates
® Remove values out of range
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Vital Signs:

e Keep 8 features
® Blood pressure: split into systolic and diastolic pressure
® Level of consciousness: O(alert) and 1(non-alert) labeled
® Oxygen supply: 0(room air) and 1(anything more) labeled

Data
Preparation

Lab Results
e Keep 30 features

R for BIG DATA
EALTH
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® Model user:
® floor or stepdown staff
® Prediction time window:
® 24 hour
® | ook-back time window:
; ® 24 hour
Modeling
® Model runtime:
® previous model: every 24 hours
s & ® current model: every 1 hour
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Conclusion

Duke Data

Cohort Extraction Demographics

Feature Extraction
. Exploratory Data
* vital signs Analysis
« laboratory results d
« medications Refine « gap analysis
« diagnosis (comorbidity) Definition « data quality assurance
N « patient flow analysis
Outcome Labeling

« unanticipated ICU admission

* RRT events
« code blue events Modelling Specifics

i « model user: floor/stepdown staff
« prediction time window: 24 hour
Feature « look-back time window: 24 hour

Engineering /) « model runtime: per hour

Snitconyersion | Machine Learning Techniques ‘

* imputation methods
« time series methods

« random forest
« xgboost
« RNN (recurrent neural network)

Actionable ‘_/

Warning

Refine
Definition
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