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Background: Chronic obstructive pulmonary disease (COPD) is a leading cause of hospital readmissions. Few existing tools use
electronic health record (EHR) data to forecast patients’ readmission risk during index hospitalizations.

Objective: We used machine learning and in-hospital data to model 90-day risk for and cause of readmission among inpatients with
acute exacerbations of COPD (AE-COPD).

Design: Retrospective cohort study.

Participants: Adult patients admitted for AE-COPD at the University of Chicago Medicine between November 7, 2008 and
December 31, 2018 meeting International Classification of Diseases (ICD)-9 or —10 criteria consistent with AE-COPD were included.
Methods: Random forest models were fit to predict readmission risk and respiratory-related readmission cause. Predictor variables
included demographics, comorbidities, and EHR data from patients’ index hospital stays. Models were derived on 70% of observations
and validated on a 30% holdout set. Performance of the readmission risk model was compared to that of the HOSPITAL score.
Results: Among 3238 patients admitted for AE-COPD, 1103 patients were readmitted within 90 days. Of the readmission causes,
61% (n = 672) were respiratory-related and COPD (n = 452) was the most common. Our readmission risk model had a significantly
higher area under the receiver operating characteristic curve (AUROC) (0.69 [0.66, 0.73]) compared to the HOSPITAL score (0.63
[0.59, 0.67]; p = 0.002). The respiratory-related readmission cause model had an AUROC of 0.73 [0.68, 0.79].

Conclusion: Our models improve on current tools by predicting 90-day readmission risk and cause at the time of discharge from
index admissions for AE-COPD. These models could be used to identify patients at higher risk of readmission and direct tailored post-
discharge transition of care interventions that lower readmission risk.
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Plain Language Summary

Chronic obstructive pulmonary disease (COPD) is a leading cause of hospital readmissions. Few resources exist that can predict
a patients’ risk of hospital readmission during an initial admission. We developed a model to assess risk of hospital readmission within
90 days after an initial admission for acute exacerbations of COPD. We also developed a model to predict reason for future
readmission. To develop these models, we utilized previously collected medical record data for adult patients who were admitted
for an acute exacerbation of COPD at the University of Chicago Medicine between 2008-2018. Variables that were included in these
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models included patient demographics, co-existing conditions, and laboratory values, vitals, and other health record data from the
initial hospital stay. We compared our models to another commonly-used prediction model called the HOSPITAL score. We measured
accuracy of the models using a measure called area under the receiver operating characteristic curve (AUROC). Our model for
predicting risk of readmission within 90-days had a higher AUROC (0.69 [0.66, 0.73]) compared to the HOSPITAL score (0.63 [0.59,
0.67]). Our model for predicting reason for readmission showed that 61% were respiratory-related causes and COPD was the most
common. Our results showed that these new models improve upon existing tools for predicting 90-day readmission risk and cause of
readmission for patients admitted for acute exacerbations of COPD. These models could be used to identify patients at higher risk of
readmission and direct care towards the patients that need it most.

Introduction

In the United States, chronic obstructive pulmonary disease (COPD) affects more than 16 million adults and trails just
behind heart disease and cancer as a leading cause of death.' Acute exacerbations of COPD (AE-COPD) are the third-
leading cause of 30-day hospital readmissions and account for up to 70% of COPD-related healthcare costs.> More than
one-third of patients admitted for AE-COPD are readmitted within 90 days post-hospitalization, leading to a cumulative
expenditure of over $15 billion annually.>* Given these high costs, the Hospital Readmissions Reduction Program
(HRRP) began levying penalties against hospitals for early AE-COPD readmissions in 2014.>° As a result, hospitals
across the country were galvanized to develop interventions in an attempt to reduce readmissions, though the effective-
ness of these interventions has been challenged in part by frequent diagnostic ambiguity and International Classification
of Diseases (ICD) code misclassification.’

Predicting the risk for and cause of readmission is difficult. Clinician judgment has been shown to be largely
inaccurate, predicting readmissions correctly less than half of the time.” Further, the causes of readmission for these
patients are heterogeneous.” AE-COPD is cited as the readmission diagnosis after an initial COPD-related hospitalization
in just one-third of cases.® While general risk factors for predicting readmission have been well described, they have not
been useful in improving risk prediction tools for COPD patients.® Accurate tools for identifying patients at high risk for
readmission during their index stay and predicting their most likely cause of readmission could assist care teams with
deciding which patients would benefit most from in-hospital and post-discharge interventions aimed at reducing
healthcare utilization after hospitalization for AE-COPD.”'°

To date, few such tools exist. Two of the most commonly used readmission risk prediction models include the
HOSPITAL score for 30-day general readmission risk and the PEARL score for 90-day COPD readmission risk. Notably,
both utilize predictors that are not readily available in the electronic health record (EHR). For example, the extended
Medical Research Council Dyspnea (eMRCD) score used in the PEARL score and admission type (elective vs urgent or
emergent) used in the HOSPITAL score make both automation and real-time use during an index admission less
feasible.'""'? Additionally, these tools were derived using logistic regression when prior work has shown that more
sophisticated machine learning algorithms can significantly increase prediction accuracy.'* '

We aimed to develop machine learning models using inpatient EHR data to predict, at discharge, both the 90-day risk
for and cause of readmission for patients hospitalized for AE-COPD. These two models could be used in concert at the
time of discharge to alert clinicians to patients at high risk for re-hospitalization and tailor patients’ transitional care
interventions based on their most likely cause of readmission. These tools have the potential to decrease readmissions,
improve patient quality of life, and reduce healthcare costs.

Materials and Methods

Study Population

We conducted a retrospective cohort study of patients admitted for AE-COPD at The University of Chicago Medicine
(UCM). The University of Chicago Institutional Review Board approved this study and granted an exemption (IRB #17-
0332). We were approved for a waiver of consent as this was a review of existing medical record data collected for clinical
care purposes that did not present any more than minimal risk. Further, given the large number of records reviewed, it would
have been impracticable to obtain informed consent. All adult patients admitted to UCM between November 7, 2008, and
December 31, 2018, were eligible for inclusion in our study. The following inclusion criteria were used to select patients: age
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> 40 years at admission, primary or secondary ICD-9 or ICD-10 diagnosis code indicating AE-COPD, administration of both
nebulized medications and systemic steroids during admission, and discharge > 90 days before the study end date. The ICD-9
and ICD-10 patient selection scheme was chosen for its high specificity (99.5%) in identifying AE-COPD as compared to
gold-standard chart review.'® We followed the Transparent Reporting of a Multivariable Prediction Model for Individual
Prognosis or Diagnosis (TRIPOD) reporting guideline.'”

Outcome

The outcome for the readmission risk model was all-cause readmission to UCM within 90 days of discharge from the
index admission. The outcome for the readmission cause model was respiratory-related diagnosis as the cause of
readmission. A readmission was considered respiratory-related if the readmission was associated with one or more
specific diagnosis codes. Specifically, diagnosis codes were considered respiratory-related if they are included in Clinical
Classification Software (CCS) categories 122—134 (for ICD-9 codes) or if they start with J (for ICD-10 codes), similar to
prior work.® In addition, there were some respiratory-related diagnosis codes that would otherwise not have been
included (eg, pulmonary tuberculosis) by CCS categories 122—134 or an ICD-10 code beginning with J. For complete-
ness, these specific diagnoses were identified by manual review of ICD-9 code descriptions and included. ICD-10
conversions of these additional codes, based on general equivalence mappings from the Centers for Medicare and
Medicaid Services, were also included.

Predictor Selection

Predictors such as demographics, vital signs, laboratory results, medications administered, comorbidities from prior
admissions as determined by the Elixhauser classification system, and other clinical data were retrieved from a secure
server hosted by the University of Chicago’s Clinical Research Data Warehouse. Predictors deemed of little significance
based on prior literature and our clinical experience were removed.®'*'* 2% For vital signs and laboratory values, the last
value before discharge was used. Elixhauser Index was calculated using weightings provided by the Agency for
Healthcare Research and Quality (AHRQ).?' As performed in other similar studies, missing numeric variables and
nonsense outlier values were imputed using medians calculated from our study cohort or were set to 0 in the case of

binary variables.'*?*24

Model Derivation and Validation

Patient data were split randomly into a derivation set (70% of encounters) and a validation set (30% of encounters).
Given that decision tree algorithms are susceptible to bias from class imbalance, the derivation data were up-sampled
such that there were an equal number of readmitted and non-readmitted events and an equal number of respiratory and
non-respiratory readmission causes.”> Random forest was selected as the prediction model of choice for this study.
Random forest machine learning models generate an ensemble of hundreds of individual decision trees, whose
cumulative output predicts an outcome based on averages or majority voting.?® By utilizing a large number of decision
trees, random forests are able to learn important variable interaction, non-linearities, and have been shown to outperform
other methods in various tasks.”” Ten-fold cross-validation was performed during model derivation to optimize the
hyperparameter m#ry (number of variables randomly selected to be used at every split point) for the maximal area under
the receiver operating characteristic curve (AUROC). The default value of 500 trees for the hyperparameter ntree
(number of trees to grow) was used. Two random forest models were fit in the derivation data: one for all-cause
readmission risk and one for whether the cause of readmission was respiratory-related for those who were readmitted.

Variable importance for the fitted models was calculated using permutation importance.”®

HOSPITAL Score

The predictors in the HOSPITAL score are: hemoglobin at discharge, discharge from an oncology service, sodium level
at discharge, any ICD-9 coded procedure performed during admission, index admission type (elective vs urgent or
emergent), number of admissions during the previous year, and length of stay.® Of these, hemoglobin and sodium levels
at discharge were readily available in the EHR. Patients were considered discharged from an oncology service if their
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room number was located in the rooms of the hospital utilized by our oncology service. Because ICD procedure codes
were not available, we considered patients to have had a procedure performed during admission if they ever went to an
operating room. Since this proxy likely underestimates the proportion of patients having a procedure (eg arterial line
placement would not be captured under this method), we ran a sensitivity analysis comparing this adapted HOSPITAL
score to one which assumes patients had a procedure if they ever went to an operating room or were ever in the ICU.
Index admissions were considered urgent or emergent if the patient was admitted from the Emergency Department.
Number of admissions in the previous year was calculated using inpatient data from our Clinical Research Data
Warehouse. Length of stay was calculated as the time between first and last vitals for each admission.

Statistical Analysis

Predicted probabilities from the models fit in the derivation datasets were calculated in the 30% validation sets. Model
performance was assessed using the area under the receiver operating characteristic curve (AUROC) in the validation
sets. Briefly, AUROC values represent a model’s ability to discriminate between the two outcome classes; a value of 0.5
indicates no discriminative ability and a value of 1.0 indicates perfect discriminative ability. Comparison of the read-
mission risk model to the HOSPITAL score was performed using a paired Delong’s test.>” Calibration curves, which
compare the predicted probabilities from the model to the observed outcomes, were generated for the readmission risk
and cause models (Supplementary Figures 1-3). For the HOSPITAL score, calibration was assessed by plotting

the percent of readmitted patients at each value of the HOSPITAL score. Model development was performed using
R version 4.1.0 (The R Foundation for Statistical Computing; Vienna, Austria). All other data analysis was performed
using Stata version 15.1 (StataCorps; College Station, Texas).

Results
Study Population

Of the 3238 patients who met the inclusion criteria for having an index hospital admission for AE-COPD, the majority
were female (62%) and Black (90%). The mean age was 64 years, and the median length of stay was 3.47 days. Nearly
one-third of patients (32%) met Elixhauser criteria for congestive heart failure. Of the patients with an index admission
for AE-COPD, 1103 (34%) had an unplanned 90-day readmission. Of the 1103 readmitted patients, only 1096 had an
associated readmission diagnosis in our administrative dataset, and thus only those cases with an associated diagnosis
were included in the readmission cause model. Compared to the group of patients that were not readmitted, the
readmitted cohort had a slightly higher proportion of Black patients (93% vs 89%; p < 0.05) and was slightly younger
(64 years vs 65 years; p < 0.05).

The readmitted cohort also had higher median Elixhauser Index (9 vs 3; p < 0.05) and higher median HOSPITAL
score (3 vs 2; p < 0.05). Approximately 61% (672 patients) of the 1096 90-day readmissions had respiratory-related
readmission diagnoses (Table 1). The most common respiratory-related readmission diagnosis was COPD (452 patients;
Supplementary Figures 4 and 5). Among readmitted patients, those with a respiratory cause of readmission had a lower
median Elixhauser Index (8 vs 12; p < 0.05), and shorter median length of stay (3.5 vs 3.8 days; p > 0.05; see Table 1).

Readmission Risk Model and HOSPITAL

For the readmission risk model, the 70% derivation dataset included 2266 admissions prior to upsampling, and the 30%
validation dataset included 972 admissions. The final, optimized model, with 500 trees and an mzry value of 12, had an
AUROC of 0.69 (95% CI [0.66, 0.73]) in the validation set (Figure 1A). The HOSPITAL score had a significantly lower
AUROC of 0.63 (95% CI [0.59, 0.67]) in the validation set (p = 0.002; Figure 1A). Our model was 22% specific at
a sensitivity of 90% and 70% specific at a sensitivity of 60%. The HOSPITAL score was 14% specific at a sensitivity of
90% and 60% specific at a sensitivity of 60%. The most important variables in our readmission risk model included
length of stay, age, hemoglobin at discharge, systolic blood pressure at discharge, and platelet count at discharge
(Figure 2). The readmission risk model had a calibration intercept of —0.19 and a calibration slope of 1.16 with an
unreliability index of 0.01 (p < 0.001; Supplementary Figure 1). For the HOSPITAL score, higher rates of readmission
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Table | Patient Demographics by Readmission Status

Failure*
Elixhauser Criteria for CHF*

1034 (32%)

576 (27%)

458 (42%)*

Readmitted
Values Reported as n(%), Total Not Readmitted Readmitted Respiratory Non-Respiratory
Mean (x SD), or Median (IQR) (n=3238) (n=2142) (n=1103) (n =672) (n=424)
Female 2007 (62%) 1306 (61%) 701 (64%) 427 (64%) 268 (63%)
Black 2917 (90%) 1891 (89%) 1026 (93%)* 635 (94%) 386 (91%)*
Hispanic 37 (1%) 28 (1%) 9 (1%) 6 (1%) 3 (1%)
Age, years 64 (£ 11) 65 (£ 11) 64 (£ 11) 63 (£ 10) 65 (£ 11)F
BMI, kg/m? 26.7 (21.9, 33.3) | 26.7 (21.9, 33.4) 26.7 (21.9,33.0) | 259 (21.3,31.6) | 27.7 (22.7, 34. 7)*
Elixhauser Criteria for Renal | 524 (16%) 287 (13%) 237 (21%)F 108 (16%) 129 (30%)*

235 (35%)

AHRQ Elixhauser Index 5 (0, 17) 3 (0, 14) 9 (0, 22)t 8 (0, 19.3) 12 (2, 24)f
HOSPITAL Score 2(1, 4) 2(1, 4) 324 3(25) 3(24)
Length of Stay, days 3.5 (2.1, 5.6) 33 (21, 5.6) 3.7 (2.2,5.7) 3.5 (2.2, 5.1) 38 (2.2, 6.1)

220 (52%)*

Notes: *Criteria fulfilled from previously documented admission prior to index admission; BMI = body mass index. Tp < 0.05 when compared to not readmitted cohort; ¥ <
0.05 when compared to respiratory cohort.
Abbreviations: CHF, congestive heart failure; AHRQ, Agency for Healthcare Research and Quality.

were generally seen with higher HOSPITAL scores (Supplementary Figure 2). A sensitivity analysis revealed no

improvement in AUC when the HOSPITAL score was calculated using location in an operating room or ICU as
a proxy for having a procedure (AUC 0.62 [0.58, 0.66]; p = 0.01).

Readmission Cause Model

For the readmission cause model, the 70% derivation dataset included 767 readmissions prior to upsampling, and the
30% validation dataset included 329 readmissions. The final, optimized model, with 500 trees and an m#ry of 13 had an
AUROC 0f 0.73 (95% CI [0.68, 0.79] in the validation set (Figure 1B). The readmission cause model was 31% specific at
a sensitivity of 90% and 71% specific at a sensitivity of 60%. The most important variables in readmission cause model
included heart rate, blood urea nitrogen, creatinine, and body mass index (Figure 3). The readmission cause model had
a calibration intercept of —0.003 and a calibration slope of 1.48 with an unreliability index of 0.01 (p = 0.04;

Supplementary Figure 3).

A B
e | / o |
0 ©
o o
23 29
= =
2 a 0.73
@ o D <
0 I - oI
o N
o o
o —— Random Forest o
e _/[ T T T — }—:OSPITAL T S T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
1 - Specificity 1 - Specificity

Figure | (A) ROC curves of 90-day readmission risk random forest model and HOSPITAL score. (B) ROC curve of 90-day readmission cause model.
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Figure 2 Important variables in 90-day readmission risk model.
Abbreviations: LOS, length of stay; BMI, body mass index; BUN, blood urea nitrogen.
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Figure 3 Important variables in 90-day readmission cause model.
Abbreviations: BUN, blood urea nitrogen; BMI, body mass index; LOS, length of stay.

Discussion
To our knowledge, we developed the first pair of machine learning models to predict both the risk for and cause of 90-day
readmission after initial hospitalization for AE-COPD. Our approach demonstrated novel functionality and produced

a readmission risk model that showed stronger ability to distinguish between patients who were readmitted within 90
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days and patients who were not compared to the adapted HOSPITAL score. The readmission cause model also showed
similarly strong predictive ability to distinguish between patients readmitted for a respiratory reason and patients
admitted for other causes.

Many of the important predictors in our models included variables previously identified by others as important in
forecasting readmissions. For example, important variables in our all-cause readmission risk model included length of
stay, hemoglobin at discharge, sodium level at discharge, and age, all of which have been reported in other models.'"'**°

A major strength of our machine learning models is that they use only predictors readily available in the EHR, which
could theoretically permit use in real-time. This allows for automated prediction of both readmission risk and whether
readmission is likely to be respiratory-related at the time of discharge. Other readmission risk tools, such as the COPD-
specific PEARL score, include predictors like the eMRCD score which must be manually calculated at the bedside. This
places an increased burden on care teams and makes use of these tools in real-time less feasible.

Other models’ use of predictors not readily available in the EHR limits our ability to compare different risk tools.
Though the HOSPITAL score includes some predictors that were not available in our EHR, we were able to create
proxies using the variables available to us. For example, there is not a field in our EHR for index admission type (elective
vs urgent or emergent). Therefore, we defined an admission as urgent or emergent if the patient was admitted through the
emergency department. While this definition may miss the small percentage of urgent or emergent admissions that come
directly from clinic, it likely captures the vast majority of urgent or emergent admissions. We could not compare our all-
cause readmission risk model to the PEARL score, because PEARL incorporates the eMRCD score, which was not
available to us and had no reasonable proxy.’

There are important limitations to consider. First, our models were derived using data from a single center and thus
variation between patient populations may limit generalizability. Being a single-center study also limited our sample size.
This limited sample size contributed to our decision to adopt the 90-day versus 30-day readmissions threshold employed
by some of the previously described studies. It also influenced our decision to define readmission cause in broad
categories (as either respiratory or non-respiratory). Larger, multi-site datasets will likely allow for development of
improved 30-day real-time COPD-specific risk prediction and for more granular predictions of readmission cause.
Importantly, patients who were readmitted to other hospitals within the 90-day timeframe would not have been detected,
as this information lays outside of our database. This could be contributing, in part, to the poor calibration seen in the
readmission risk model. In addition, true calibration of the HOSPITAL score could not be performed as there are no
published probabilities for 90-day readmission at each level of the HOSPITAL score. Lastly, patients were selected for
the study based on ICD-9-CM and ICD-10-CM coding algorithms, which are convenient to use and have been shown to
have high specificity but lack sensitivity.'*

Conclusion

In conclusion, this study successfully derived and validated novel machine learning models to predict both risk for and
cause of 90-day readmission after an index hospitalization for AE-COPD. Our models are designed to run in parallel,
gleaning insights from all EHR data available at the point of discharge. Clinicians may use information from our
models to complement their clinical gestalt and select appropriate transitional care that reflects patients’ unique risk
profiles.

Abbreviations

COPD, chronic obstructive pulmonary disease; EHR, electronic health record; AE-COPD, acute exacerbations of COPD;
ICD, International Classification of Diseases; AUROC, area under the receiver operating characteristic curve, HRRP,
Hospital Readmissions Reduction Program; eMRCD, extended Medical Research Council Dyspnea; UCM, University of
Chicago Medicine; TRIPOD, Transparent Reporting of a Multivariable Prediction Model for Individual Prognosis or
Diagnosis; CCS, Clinical Classification Software; AHRQ, Agency for Healthcare Research and Quality.
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