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Abstract

Background: Models to predict hospital readmission in patients with congestive heart failure (CHF), such as those used by the
Centers for Medicare & Medicaid Services (CMS), have limited accuracy. Additional features, available from electronic health
records (EHR), have potential to improve accuracy of predictive models.

Objective: The goal of this study was to evaluate the ability of demographic, hospital utilization, medication, laboratory, and
physiologic variables to improve prediction of 30-day hospital readmission compared to CMS’s model that utilizes only age,
sex, and diagnostic billing codes.

Methods: We used the Medical Information Database for Intensive Care (MIMIC-IV) to derive features from patients admitted
with a diagnosis of CHF. Machine learning methods were used to develop predictive models and accuracy of models compared
using area under the receiver operator characteristic curves (AUROC).

Results: 6,604 hospital CHF admissions were identified; 30-day hospital readmission occurred for 24.5% of admissions. Models
that included features derived from time-series laboratory (AUROC=0.62/95% CI 0.59-0.64) and physiologic (0.63/0.61-0.65)
variables performed significantly better than CMS’s base model (0.54/0.51-0.57). These two models included relatively few
features related to diagnostic billing codes and a high proportion of laboratory and physiologic features.

Conclusions: The addition of features derived from the EHR, particularly those derived from the laboratory and physiologic
variable domains, improved predictive accuracy of 30-day hospital readmission over CMS’s base model. Machine learning
algorithms that use data readily available from the EHR have potential to improve accuracy of administrative risk adjustment
models and reduce bias caused by reliance on diagnostic billing codes.
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Abstract

Background: Models to predict hospital readmission in patients with congestive heart failure
(CHF), such as those used by the Centers for Medicare & Medicaid Services (CMS), have limited
accuracy. Additional features, available from electronic health records (EHR), have potential to
improve accuracy of predictive models.

Objective: The  goal  of  this  study  was  to  evaluate  the  ability  of  demographic,  hospital
utilization, medication, laboratory, and physiologic variables to improve prediction of 30-day
hospital readmission compared to CMS’s model that utilizes only age, sex, and diagnostic billing
codes.

Methods: We used the Medical Information Database for Intensive Care (MIMIC-IV) to derive
features from patients admitted with a diagnosis of CHF. Machine learning methods were used
to develop predictive models and accuracy of models compared using area under the receiver
operator characteristic curves (AUROC). 

Results: 6,604 hospital CHF admissions were identified; 30-day hospital readmission occurred
for 24.5% of admissions. Models that included features derived from time-series laboratory
(AUROC=0.62/95%  CI  0.59-0.64)  and  physiologic  (0.63/0.61-0.65)  variables  performed
significantly  better  than  CMS’s  base  model  (0.54/0.51-0.57).  These  two  models  included
relatively few features related to diagnostic billing codes and a high proportion of laboratory
and physiologic features.

Conclusions: The addition of features derived from the EHR, particularly those derived from
the  laboratory  and  physiologic  variable  domains,  improved  predictive  accuracy  of  30-day
hospital readmission over CMS’s base model. Machine learning algorithms that use data readily
available from the EHR have potential to improve accuracy of administrative risk adjustment
models and reduce bias caused by reliance on diagnostic billing codes.
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Introduction

Readmission to the hospital after inpatient treatment for an acute illness is associated with
poor patient outcomes, including increased morbidity and mortality1. Congestive heart failure
(CHF) is  the  second most  common cause for inpatient  admission in the US,  with over  one
million admissions in 2018 and 30-day hospital readmission rates of 17.6%-28.0%2,3. Each of
these readmissions is estimated to cost approximately $15,732 if the CHF patient is readmitted
to the same hospital and $25,879 if the patient is readmitted to a different hospital4.

A  large  proportion  of  these  30-day  hospital  readmissions  are  preventable;  thus,  hospital
readmission rates are proposed as a metric of  quality of  care.  In an effort  to improve care
quality and reduce costs, the Center for Medicare and Medicaid Services (CMS) introduced the
Hospital  Readmissions  Reduction  Program  (HRRP)  in  2012,  which  penalizes  hospitals
financially for 30-day readmission rates that exceed the national average for several diagnoses
including CHF.

CMS created a Hospital-Wide All-Cause Unplanned Readmission (HWR) model to predict CHF
readmission and benchmark hospital performance. This model uses information from billing
claims  to  predict  30-day  readmission  using  CMS  Hierarchical  condition  category  (HCC)
diagnosis groupings, which are derived from International Classification of Disease (ICD) codes,
and simple demographic data. The current CMS model has modest accuracy, with an area under
the receiver operator characteristic curve (AUROC) of 0.605. However, with the widespread use
of electronic health records (EHR) and rapid advances in machine learning, prior studies have
shown the opportunity to improve the accuracy of administrative risk adjustment models6.

In  this  study,  we  derive  novel  features  from  data  readily  available  from  the  EHR  and
incorporate  those  features  into  CMS’s  HWR  model  to  predict  30-day  readmission  among
patients with CHF using machine learning approaches. We hypothesized that including novel
features  derived  from  demographic,  hospital  utilization,  medication,  laboratory,  and
physiologic  data  in  the  EHR,  would  improve  the accuracy of  CMS’s  base  model  for  30-day
readmissions in patients with CHF.  

Methods

Study Design and Data Source

We performed a retrospective data analysis using the Medical Information Mart for Intensive
Care (MIMIC)-IV-2.2 database. MIMIC-IV is a publicly available dataset containing de-identified
information extracted from the EHR of patients admitted to the intensive care units (ICUs) of
the Beth Israel Deaconess Medical Center in Boston, MA between 2008 and 2019. The dataset
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contains 523,740 unique hospital admissions representing 256,878 unique patients at the time
of analysis7. Approval to use the MIMIC dataset was granted by the MIMIC administrators and
this project was reviewed and acknowledged as exempt from human subjects research by the
Johns Hopkins Institutional Review Board. 

Eligibility Criteria for Inclusion in the Cohort

Subjects  were  eligible  for  inclusion  based  on the  following  criteria:  1)  age  ≥  18  years;  2)
hospital  ICD billing  code of  CHF among the top 3 codes for  that  admission.  Subjects  were
excluded for  the  following:  1)  in-hospital  death (i.e.,  not  discharged alive);  2)  hospital  ICD
billing code includes a competing penalty code as first diagnosis (exclusion criteria used by
CMS for CHF readmission penalty); 3) physiologic data from the ICU stay during the admission
were  not  available.  After  applying  these  criteria,  6,604  index  hospital  admissions  were
identified from 5,300 unique individuals (see Supplement Figure 1)

Primary Outcome

The primary outcome was unplanned readmission to the hospital within 30 days of the date of
discharge from the index hospital  admission.  To determine whether an admission after the
index was planned or not, we used similar logic to CMS guidelines calculating the HWR model.
CMS considers certain codes indicators of a planned or elective admission, and we mirrored
this logic8.

Variables and Derived Features for Prediction Modeling

We used 6 distinct types of variables to derive features to incorporate into prediction models:
1)  demographic variables;  2) diagnostic codes;  3) hospital  and ICU utilization variables;  4)
medication variables; 5) laboratory test variables; and 6) physiologic variables. A summary of
the variable types, their individual components, and features derived from those elements is
shown in Table 1.

The  following  demographic  variables  were  extracted  from  MIMIC-IV  for  each  hospital
admission:  age,  gender,  and  weight  on  admission.  Comorbidities  related  to  each  hospital
admission were determined from ICD10 billing codes (i.e.  codes used for  insurance billing
claims) present on admission. ICD10 codes were converted to HCC condition categories using
CMS’s  published  algorithm9.  The  following  care  utilization  variables  were  determined:
duration of the index hospital stay, duration of the ICU length of stay, and number of ICU stays
during the index hospitalization.

We  used  the  Electronic  Medication  Administration  Record  (EMAR)  available  in  MIMIC  to
determine usage of several commonly prescribed medications for patients with CHF (see Table
1) searching for both generic and brand names. For each medication, we determined whether it
was administered (dichotomous) and how much was administered during each of the following
intervals: first and last 24 hours of the index hospital stay; and, first and last 24 hours of the
ICU stay. For subjects who had more than one ICU stay during an index hospitalization, we used
information related to the last ICU stay during that hospitalization. 
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We extracted data for several common laboratory tests for each hospital admission (see Table
1 for  lab  components).  We  also  extracted  data  for  several  common  physiologic  variables
routinely recorded by bed-side nurses (see Table 1 for list of physiologic components). Values
for each laboratory and physiologic component were identified from the start to the end of the
ICU  stay.  More  than  96%  of  all  subjects  had  a  least  one  value  for  each  laboratory  and
physiologic  variable  (see  Supplement  Table  1 for  descriptive  summary of  data  related  to
laboratory and physiologic variables).

Table 1. Variables and features incorporated into models to predict 30-day hospital readmission

Type of 
variable

Components Number of 
variables 
examined

Number of 
Features 
Derived

Number of 
time periods 
examined

Total 
possible 
features

Demographic 
characteristics

Age, Sex, Weight at 
admission

3 1: value of 
the feature

N/A 3

Diagnostic 
codes

HCCs groupings 
derived from ICD 
codesa

141 HCCs 1: binary 
whether 
diagnosis 
code 
present 
upon 
admission

N/A 141

Hospital and 
ICU Utilization

Length of Admission, 
Length of all ICU 
stays, Length of last 
ICU stay, Number of 
ICU stays in 
admission, Length of 
non-last ICU stays

5 values 1: value of 
feature

N/A 5

Common 
Cardiac 
Medications b 

Beta blockers; 
Calcium channel 
blockers: Digoxin; 
ACEI/ARB; Diuretics;
Insulin; SGLT2 
inhibitors; Aspirin; 
P2Y12 blockers; 
DOACs 

28 2: binary 
whether 
medication 
administere
d, amount of
medication 
administere
d

4: first and 
last 24 hours 
of ICU and 
hospital stays

112

Labs Creatinine, Chloride, 
Sodium, Potassium, 
Blood urea nitrogen, 
HCO3, Anion gap, 
Glucose, Hematocrit, 
Platelet Count, 
Hemoglobin, white 
blood cell count 

12 79: Number 
of different 
TsFresh 
package 
featuresc

6: First 12, 
18, and 24 
hours of ICU 
stay. Last 12, 
18, and 24 
hours of ICU 
stay

5,688
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Physiological Heart rate, 
Respiratory rate, O2 
saturation pulse 
oximetry, GCS – eye 
opening, GCS – motor
response, GCS – 
verbal response, 
Blood pressure - 
mean, Blood 
pressure – diastolic, 
Blood pressure - 
systolic

9 79: Number 
of different 
TsFresh 
package 
featuresc

6: First 12, 
18, and 24 
hours of ICU 
stay. Last 12, 
18, and 24 
hours of ICU 
stay

4,266

aHCC codes were derived from the FY2020 CMS crosswalk that maps International Classification of Disease 
(ICD10) codes to a broader diagnostic grouping defined by an HCC code.
bACEI= angiotensin converting enzyme inhibitor; ARB= angiotensin receptor blocker; SGLT2= sodium 
glucose transporter-2; P2Y12- platelet purinergic receptor; DOAC= direct oral anticoagulant
GCS= Glasgow coma scale 
cThese represent the 79 possible features that can be created from the TsFresh package. Some features 
have parameters that are algorithmically adjusted and optimized when calculating values. The possibility 
of different parameters was not included in the count of 79 possible features.

We  generated  summary  features  from  the  time-series  recordings  for  each  laboratory  and
physiologic variable using the Python package, tsfresh10.  Tsfresh is built on top of the open-
source packages Scikit-learn11 and Pandas12 and allows for the summary of time-series features.
The features,  groupings,  and descriptions of  tsfresh can be found in Supplement Table 2.
Summary features were derived for the following time intervals: first and last 12-, 16-, and 24-
hour periods of a subject’s ICU stay during the index hospital admission. For individuals with
more than one ICU stay, we only included the summary features derived from the last ICU stay
within the index hospital admission.

Statistical Analysis and Machine Learning Methods

We  used  logistic  regression  to  generate  models  to  predict  the  primary  outcome  (i.e.
readmission to the hospital within 30-days of hospital discharge). We created a series of six
models by starting with the features used in CMS’s base model and sequentially adding features
from each of the variable types as described below:

● Model 1: CMS base model – included age, sex, and comorbidities from HCC codes 
● Model 2: Model 1+ healthcare utilization features
● Model 3: Model 2 + medication features 
● Model 4: Model 3 + admission weight 
● Model 5: Model 4 + lab features
● Model 6: Model 5 + physiologic features

Previous  studies  have  shown the  utility  of  weight,  laboratory,  and  physiologic  features  for
predicting clinical outcomes13–15. As we introduced additional feature categories into sequential
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models, feature selection was required to reduce data dimensionality16.  Commencing with a
feature  pool  of  more  than  3,500  potential  features,  we  applied  various  methodologies  to
narrow down the selection to  the most  informative  features  for predicting 30-day hospital
readmission.  Our primary method was to reduce collinearity using variance inflation factor
(VIF)17. We continued this iterative process until the maximum value of the VIF was less than
1018. As a second approach to reduce data dimensionality, we used Extreme Gradient Boosting
(XgBoost)19.
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Each model underwent independent training and testing; 70% of data was allocated for
model  training  and  30%  was  reserved  for  testing  model  performance.  We  used
bootstrapping20 (n = 1000) to construct 95% confidence intervals for the AUROC values
generated for each model.  Results are reported as AUROC (c-statistic) with 95% CI from
the test set in each predictive model. Analysis was completed using Python 3.8.3.

Results

The cohort consisted of 6,604 index hospital admissions for CHF corresponding to 5,300
unique  subjects  (Supplement  Fig  1).  Of  the  6,604  index  admissions,  1,618  (24.5%)
resulted in unplanned 30-day hospital  readmission.  Characteristics  of subjects with and
without  readmission  after  the  index  hospitalization  are  shown  in  Table  2.  Subjects
readmitted tended to have longer index hospital stays, were more likely to have diabetes
(with  or  without  complications),  and  were  more  likely  to  have  renal  failure.  (See
Supplemental Table 3 for full list of comorbidities).

Table 2. Characteristics of subjects by 30-day hospital readmission status
 

Non-Readmissions
(n=4,986)

Readmissions
(n=1,618)

Patient Characteristics

Male, n (%) 2,568 (51.5) 861 (53.2)

Patient Age, years, median (IQR) 72 (61-82) 71 (60-80)

Healthcare Utilization

Length of Admission, days, median (IQR) 7.04 (4.63-11.59) 7.58 (4.87-12.88)

Length of Last ICU Stay, days, median (IQR) 1.97 (1.11-3.42) 1.99 (1.08-3.53)

Number of ICU Stays, median (IQR)a 1 (1-1) 1 (1-1)

Comorbiditiesb

Specified Heart Arrhythmias, n (%) 2,868 (57.5) 913 (56.4)

Diabetes without Complication, n (%) 1,684 (33.8) 630 (38.9)

Cardio-Respiratory  Failure  and  Shock,
Including  Respiratory  Distress  Syndromes,  n
(%)

1,695 (34.0) 543 (33.6)

Chronic  Obstructive  Pulmonary  Disease,
Including Bronchiectasis, n (%)

1,382 (27.7) 468 (28.9)

Unstable  Angina  and  Other  Acute  Ischemic
Heart Disease, n (%)

1,157 (23.2) 396 (24.5)

Diabetes with Chronic Complications, n (%) 858 (17.2) 384 (23.7)

Chronic Kidney Disease, Stage 5, n (%) 329 (6.6) 178 (11.0)
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End Stage Renal Disease, n (%) 316 (6.3) 171 (10.6)

Type 1 Diabetes Mellitus,  add-on to Diabetes
HCCs 19-21, n (%)

297 (6.0) 151 (9.3)

Acute Myocardial Infarction 340 (6.8)         120 (7.4)
a – 602 (9.1%) CHF admissions within the examined cohort had >1 ICU stays. 74 (1.1%) of the CHF
admissions within the examined cohort had >2 ICU stays
b  –  Top  10  most  frequent  comorbidities  are  shown  in  Table  1  (other  comorbidities  shown  in
Supplement Table 3.

Figure 1 shows the performance of each of the 6 models in predicting unplanned 30-day
hospital readmission. The addition of healthcare utilization features improved the AUROC
over CMS’s base model; however, this increase was not statistically significant. Inclusion of
laboratory  features  (AUROC  0.62/95%CI  0.59-0.64)  and  laboratory  features  plus
physiologic features (AUROC 0.63/95%CI 0.61-0.65) led to significant improvements over
CMS’s base model (AUROC 0.54/0.51-0.57).  Model 6 performed statistically significantly
better than Models 1, 3, and 4. 

Table 3 shows the types of variables and number of features selected in each of the 6
models.  Inclusion  of  laboratory  and  physiologic  features  in  model  generation  led  to
preferential selection of these features over comorbidity features, whose number decreased
to only 3 (from 61 in Model  1).  The comorbidities retained in Model 6 were related to
diabetes and kidney function. In our final model (Model 6), 91% of features were selected
from laboratory and physiologic variables. All models retained two or more demographic
characteristics (i.e., age, sex, weight) and all included healthcare utilization features when
given the opportunity to select from those features.

Table 3. Count of Features Selected by Variable Type for Predictive Models of Hospital Readmission
in Patients with CHFa

Variable Type (Number of Features)

Model Diagnosis
N = 111

Demographic
N = 2

Hospital & ICU
Utilization

N = 5

Medica
tions

N = 151

Weight 
N = 1

Labs 
N =

5,688

Physiologic
al N = 4,266

Model 1
(Diagnostic
Codes and

Demographic
Variables)

61 2 N/Ab N/Ab N/Ab N/Ab N/Ab

Model 2
(Model 1 +

Hospital & ICU
Utilization
Variables)

47 2 4 N/Ab N/Ab N/Ab N/Ab
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JMIR Preprints Koul et al

Model 3
(Model 2 +
Medication
Variables)

31 2 4 47 N/Ab N/Ab N/Ab

Model 4
(Model 3 +

Weight
Variable)

34 2 3 42 1 N/Ab N/Ab

Model 5
(Model 4 +

Labs-Derived
Variables)

3 2 3 9 1 76 N/Ab

Model 6
(Model 5 +

Physiological
Reading-
Derived

Variables

3 1 2 8 1 67 97

aModels were created by iteratively adding features to Model 1 which was meant to emulate the CMS HWR model
by only using age, sex, and diagnostic variables. The table shows each of the models and the count of features
selected  using an  XGBoost  importance  factor  filter.  Variable  Inflation Factors  were  used  to  remove  collinear
features.
bN/A denotes features that were not allowed to be included in the model.

The 10 most consequential features selected in Model 6 are shown in  Figure 2. All were
laboratory or physiologic features. The lab features selected included components related
to platelet count, white blood cell count, creatinine, and sodium. The physiologic features
selected included components related to heart rate, motor response, and pulse oximetry
saturation.  The  model  included  a  total  of  180  features,  many  derived  from  TsFresh,
including 52 statistical summary features, 26 signal frequency analysis features, 25 signal
frequency/time analysis  features,  and 22 trends/change analysis  features  (Supplement
Table  4).  A  list  of  all  features  selected  in  Model  6  and  their  weights  is  shown  on
Supplement Table 5.

Discussion

We developed and internally validated novel models to predict 30-day hospital readmission
in  patients  with  CHF.  Using  an  ICU-based  cohort  from  the  MIMIC-IV  dataset,  we
demonstrate  that  including laboratory and physiologic  variables  into  machine learning-
derived prediction models improves accuracy compared to CMS’s model, which is based on
age,  sex,  and  diagnostic  codes  only.  Our  results  also  suggest  that  the  laboratory  and
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physiologic  feature  spaces  contain  information  of  higher  priority  in  predicting  30-day
readmission among CHF patients than information contained in diagnostic billing codes. 

Thirty-day hospital  readmission occurred in 24.5% of subject-admissions in  MIMIC-IV’s
ICU-based cohort diagnosed with CHF. This rate of readmission is within the upper range of
previous  reports2,3.  Because  ICU  patients  are  more  severely  ill  than  general  hospital
admissions, we expected the readmission rates to be higher than for an unselected group of
hospitalized patients  with  CHF.  Using  the features  in  CMS’s  HWR prediction model,  we
observed an AUROC of 0.54 (0.51-0.57) for predicting hospital readmission in the MIMIC-IV
cohort. Lower accuracy than previously reported for CMS’s model (0.60 AUROC) is likely
because  our  cohort  contained  only  ICU  patients  with  CHF,  whereas  CMS’s  model  was
derived from all patients hospitalized with CHF. We note that CMS’s HWR prediction model
does not account for ICU admission status even though hospital admissions that require
ICU level  care  are  subject  to  the  same  HRRP penalty.  Interestingly,  inclusion of  simple
healthcare utilization features (e.g. durations of hospital and ICU length of stay) increased
the  AUROC  over  CMS’s  base  model,  although  this  improvement  was  not  statistically
significant  in  our  study.  We  also  note  that  all  our  predictive  models  include  basic
demographic information (i.e.,  age, sex, and/or admission weight) readily available from
EHRs.

In  our  analyses,  the  most  substantive  improvements  in  predictive  accuracy  came  after
including features derived from laboratory and physiologic variables. Models that included
features from these variable types had significantly higher AUROC compared to CMS’s base
model. Models 5 and 6 included many features selected from the laboratory and physiologic
variable types and only 3 diagnostic comorbidities. This contrasts sharply with the CMS
base  model,  which  included  61  diagnostic  groups.  Our  feature  selection  process  was
designed  to  limit  collinearity  in  feature  selection;  therefore,  these  results  suggest  that
information present in the diagnostic comorbidity codes overlaps with information present
in the laboratory and physiologic features. All the laboratory and physiologic variables that
were used to develop our predictive models are routinely recorded in the EHRs of patients
admitted to an ICU in the US. Moreover, all the variables (with possible exception of GCS)
are captured in the EHRs of general  hospital  patients with CHF without ICU admission,
although the frequency of these variable recordings is lesser on the wards than in the ICU.

The most influential features derived from the laboratory variables were related to sodium,
creatinine,  WBC  count,  and  platelet  count.  Electrolyte  abnormalities  are  common  in
patients with CHF, particularly in the setting of diuretic use21; thus, the high importance of
sodium and creatinine was not surprising. WBC count was also not surprising given that it
is a marker of acute stress/illness and that infection can worsen CHF22. Platelet count also
reflects severity of illness, particularly among hospitalized patients23. The most influential
physiologic features were related to oxygen saturation, heart rate, and motor responses. All
these variables are clinical indicators of severity of cardiopulmonary and neurologic illness.

Inclusion  of  common  cardiac  medications  (Model  4)  did  not  significantly  improve
prediction  over  CMS’s  base  model;  however,  several  medication-related  features  were
included in Models 5 and 6. The most influential of these features was total insulin dose
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administered  in  the  last  24  hours  of  hospitalization.  Given  that  diagnostic  codes  for
diabetes were among the very few that  were retained in our machine learning models,
diabetes appears to be a particularly important risk factor for readmission in patients with
CHF. Interestingly, insulin dosage was more predictive (beta coefficient =0.111, Supplement
Table 4) of readmission in Model 6 than diagnosis of type 1 diabetes (beta coefficient=
0.057) and diabetes with other complications (beta coefficient= 0.029). These data suggest
that  the  severity  of  diabetes,  as  indicated  by  the  amount  of  insulin  administered,
contributes more strongly to the prediction of CHF readmission than diagnosis of diabetes
per se.

A potential advantage of using laboratory and physiologic variables for administrative risk
adjustment modeling is lesser bias compared to using diagnostic billing codes. ICD coding is
subjective  and  prone  to  wide  variability,  leading  some  to  question  its  validity24 and
potential  bias  in  predictive  models25.  Ibrahim  and  colleagues  reported  that  changes  in
coding  practices  contributed  substantively  to  reductions  in  readmissions  after  CMS
implemented the HRRP program, rather than a real improvement in quality of care26.  In
contrast,  laboratory results  and physiologic  variables  are  objective  measures  of  patient
status and less prone to manipulation.

This  study  has  several  limitations.  Our  predictive  models  were  derived  entirely  from
individuals admitted to the ICU. Patients admitted to the ICU represent a select population
of the sickest hospitalized patients, thus our results may not generalize to all patients with
CHF. At a minimum, our data suggest that more accurate risk modeling is possible for this
subset of patients with CHF. Feature extraction from laboratory and physiologic variables
was limited to the first and last 24 hours of the ICU stay (and subintervals of those periods).
We  chose  to  focus  on  these  time  intervals  because  of  their  clinical  importance  as
exemplified by historical use in ICU risk scoring systems like APACHE II27 and because the
average  length  of  ICU  stay  was  ~48  hours.  Our  methods  may  have  missed  important
information that could have been extracted by examining the entire duration of the ICU
stay. Furthermore, we only used physiologic data that was recorded by bedside nurses in
the EHR. We did not use the high frequency physiologic data available on a subset of these
patients in MIMIC. These high frequency data may provide additional information useful for
risk prediction that is worthy of future investigations28. Finally, we used the tsfresh package
to  extract  summary  features  from  the  laboratory  and  physiologic  data.  This  shotgun
approach  yielded  a  final  model  (Model  6)  that  included  a  large  number  of  features
mathematically derived from TsFresh. While the statistical summary features (e.g. mean,
median, standard deviation) may be intuitive to interpret, some of the other features (e.g.
signal  frequency  analysis)  are  difficult  to  conceptualize.  We  acknowledge  that  other
mathematical methods to summarize data may be superior and clinicians may be resistant
to deploying a model that is challenging to interpret clinically. 

In  summary,  this  study  demonstrates  that  including  novel  features,  derived  from
medication,  laboratory,  and physiologic  data in  the  EHR,  improves prediction of  30-day
hospital readmission in patients with CHF. Our study provides proof of concept that data
that is routinely available from the EHR (and less subject to bias than billing codes) can be
used to improve the accuracy of administrative risk adjustment models.
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Figure Legends

Figure 1.  Performance of models  (AUROC c-statistic  with 95% confidence intervals) to
predict 30-day hospital readmission in patients with CHF

Figure 2. Logistic regression weights of the top 10 features in model 6 to predict 30-day
readmission.
1  Fourier coefficient n=0 of the one-dimensional discrete fourier transform for real input by
fast fourier transform algorithm.
2  Mean of absolute change of time series values created by a corridor with a lower quantile of
0.2 and an upper quantile of 0.6.
3 Variance of the absolute fourier transform spectrum.
4  Sum over the absolute value of consecutive changes in the series.
5  Fourier coefficient n=1 of the one-dimensional discrete fourier transform for real input by
fast fourier transform algorithm.
6  Values of the Rickler wavelet with coefficient 9 and width 5.
7 CID of the series which is a proxy for time series complexity.
8 Values of the Rickler wavelet with coefficient 0 and width 2.
9  C3 measurement of non-linearity in the time series with a lag operator of 1.
10 Sum over the absolute value of consecutive changes in the series.
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Performance of models (AUROC c-statistic with 95% confidence intervals) to predict 30-day hospital readmission in patients
with CHF.
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Logistic regression weights of the top 10 features in model 6 to predict 30-day readmission.
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