
Clinical Indicators that Predict Readmission
Risk in Patients with Acute Myocardial

Infarction, Heart Failure, and Pneumonia

Item Type text; Electronic Thesis

Authors Chen, Weihua

Publisher The University of Arizona.

Rights Copyright © is held by the author. Digital access to this material
is made possible by the College of Medicine - Phoenix, University
of Arizona. Further transmission, reproduction or presentation
(such as public display or performance) of protected items is
prohibited except with permission of the author.

Download date 24/05/2023 20:10:19

Link to Item http://hdl.handle.net/10150/623291

http://hdl.handle.net/10150/623291


Clinical Indicators that Predict Readmission Risk in Patients with Acute 
Myocardial Infarction, Heart Failure, and Pneumonia
Weihua Chen, MS4, University of Arizona COM-Phoenix. Corneliu Antonescu M.D., Banner Health. William Holland M.D., 
Banner Health

Results

The variables determined to be the most
significant as determined by logistic
regression are listed in the table below; 21
variables were identified from the original 42.
Variables were considered significant if they
had p-values of 0.05 or less.

Abstract

BACKGROUND: Readmissions are costly yet
potentially avoidable events. We will examine
existing Electronic Health Record (EHR) data
at Banner Health to establish what parameters
are clinical indicators for readmission risk.
Three conditions identified to have frequent
and expensive readmissions rates are heart
failure (HF), acute myocardial infarction (AMI),
and pneumonia. This study will attempt to
determine the primary predictive variables for
these 3 conditions in order to have maximum
impact on cost savings.
METHODS: A literature review identified 69
possible risk variables. 42 of these variables
were found within the EHR system. Inclusion
criteria for individual patient records are that
they are over 18 years old and had an index
admission due to AMI, HF, or pneumonia.
Logistics regression was utilized to create a
models of significant variables. Chi square
testing was then done to compare differences
between a reduced model and a full model that
utilized all variables. ROC analysis was utilized
to determine clinical utility of the models.
RESULTS: Several variables were determined
to be the significant predictors of readmission.
The final model had 19 predictors. The area
under the curve (AUC) was 0.64.
CONLUSION: Several variables were
identified that could be significant contributors
to readmission risk. The final model had an
AUC on it ROC of 0.64 suggesting that it would
only have low to moderate clinical value for
predicting readmission.

Discussion and Conclusions

This study shows the feasibility of
constructing a readmissions predictor model
based off of existing data present in a
patient’s record through logistic regression.
Only poor to modest clinical utility was
achieved utilizing this method with a c-
statistic between 0.64 – 0.67. However, there
are third party software that have even better
predictive capabilities. Despite the findings of
this paper and the availability of commercial
packages for readmission risk assessments,
a recent paper comparing multiple
readmission prediction models suggests that
existing models may not have the
performance necessary for practical
applications. This conclusion is debatable as
there are some prediction models with c-
statistics greater than 0.8. Although patients
can be risk stratified, what actionable items
should be employed to reduce that risk is
outside the scope of this study.

Methods

An extensive literature review was done and
69 variables were identified. Through
consultation with Banner Health’s data
mining specialists, it was determined that 42
of the variables were identifiable within the
EMR system. Readmissions were tracked
using a binary value; 1 if they had a
subsequent readmission within 30 days of
the index admission and 0 otherwise. If a
patient had more than one readmission, only
one index admission-readmission pair was
considered to control for bias. Patients under
the age of 18 were not studied as pediatric
populations have unique factors for
readmission that are not generalizable to
adults. The date range for this query was for
all of 2013 as it was the most readily
available data at the time of the query.

Introduction

Efforts in the US to curb increased healthcare
costs include measures to decrease
readmission rates. A hospital readmission will
be defined as an admission to a hospital within
30 days following an original admission and
discharge (index admission). Readmissions
are expensive and often preventable events. It
can account for more than $15 billion in
Medicare spending annually and yet 76% of
readmissions were flagged as potentially
avoidable. Three conditions were identified by
the CMS to have high and costly readmissions
rates.
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Figure 1: ROC curves for the reduced model (top), and the full 

model (bottom)

Variables where large amounts of data were
missing or were originally determined to be
insignificant in the full model were first
removed.
The reduced model was determined by Chi
square analysis to be not significantly different
from the original full model; the p-value of this
test was 0.5876. Because there were less
variables in the reduced model, it serves as
an easier to utilize tool that has similar
predictive performance when compared to the
full model.

They are heart failure (HF), acute myocardial
infarction (AMI), and pneumonia.
This study will focus on attempting to
determine the primary predictive variables for
these three conditions in order to have
maximum impact on cost savings. We seek to
determine a model that better predicts
readmission by utilizing data unique to
Banner. By creating a model or algorithm for
Banner, readmission risk assessments could
be used to help target the delivery of resource
intensive interventions to patients at greater
risks. Additionally, these patients and their
providers would also benefit from the better
information to trigger better transitional
care.18,19


