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BACKGROUND Surgical mechanical ventricular assistance and cardiac replacement therapies, although life-saving in

many heart failure (HF) patients, remain high-risk. Despite this, the difficulty in timely identification of medical therapy

nonresponders and the dire consequences of nonresponse have fueled early, less selective surgical referral. Patients who

would have ultimately responded to medical therapy are therefore subjected to the risk and life disruption of surgical

therapy.

OBJECTIVES The purpose of this study was to develop deep learning models based upon commonly-available

electronic health record (EHR) variables to assist clinicians in the timely and accurate identification of HF medical therapy

nonresponders.

METHODS The study cohort consisted of all patients (age 18 to 90 years) admitted to a single tertiary care institution

from January 2009 through December 2018, with International Classification of Disease HF diagnostic coding. Ensemble

deep learning models employing time-series and densely-connected networks were developed from standard EHR data.

The positive class included all observations resulting in severe progression (death from any cause or referral for HF

surgical intervention) within 1 year.

RESULTS A total of 79,850 distinct admissions from 52,265 HF patients met observation criteria and contributed >350

million EHR datapoints for model training, validation, and testing. A total of 20% of model observations fit positive class

criteria. The model C-statistic was 0.91.

CONCLUSIONS The demonstrated accuracy of EHR-based deep learning model prediction of 1-year all-cause death or

referral for HF surgical therapy supports clinical relevance. EHR-based deep learning models have considerable potential

to assist HF clinicians in improving the application of advanced HF surgical therapy in medical therapy nonresponders.

(J Am Coll Cardiol HF 2022;10:637–647) © 2022 the American College of Cardiology Foundation. Published by Elsevier.
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H eart failure (HF) patients comprise the
largest, most rapidly growing, and most
expensive subset of patients with cardiovas-

cular disease (Central Illustration).1 Annual HF patient
mortality in the United States ranges from 22%-30%,2,3

and among patients with New York Heart Association
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functional class IV, annual mortality is >50%.4 The
clinical presentation of HF commonly includes alarming
congestive symptoms with severely impaired left
ventricular function. Despite the gravity of their
presentation, most HF patients will nonetheless
demonstrate a favorable response to medical therapy.5-8
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ABBR EV I A T I ON S

AND ACRONYMS

AUC = area under the curve

BNP = brain natriuretic peptide

BP = blood pressure

ECMO = extracorporeal

membrane oxygenation

EF = ejection fraction

EHR = electronic health record

HF = heart failure

LOS = length of stay

LSTM = long short-term

memory

PR = precision recall

VAD = ventricular assist de
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Conversely, many medical therapy non-
responders progress to precipitous deterio-
ration. This decline is often so rapid and
unheralded that the consequences, sudden
death or severe end-organ injury, preclude
further salvage efforts.9 The difficulty in the
timely identification of these medical ther-
apy nonresponders and the dire conse-
quences of this nonresponse lowers the
clinician threshold for immediate referral for
invasive surgical therapy.10

There are many surgical options in decom-
pensated HF, including use of intra-aortic
balloon pump assist, extracorporeal mem-
brane oxygenator (ECMO) support, ventricu-
lar assist device (VAD) placement, and
subsequent listing of appropriate candidates for car-
diac transplantation. Although an aggressive thera-
peutic paradigm may assist in making this difficult
referral decision, the inaccuracy inherent to a lowered
threshold for highly invasive intervention results in
many patients who would have responded favorably
on medical therapy having unnecessary exposure to
life-disruptive high-risk surgical therapy.9-11

vice
SEE PAGE 648
Unfortunately, frequently applied prognostic met-
rics, such as left ventricular ejection fraction (EF),
catheter-based hemodynamics, and focused labora-
tory testing, do not independently demonstrate the
predictive accuracy necessary to direct patient-
specific clinical decision-making.5,12-18 Even the
accuracy of some of the most predictive clinical var-
iables, such as blood urea nitrogen and serum so-
dium,16 extends only to large subpopulation
comparisons, not achieving—as lone predictors—suf-
ficient accuracy to drive individual patient decision-
making. Perhaps the most commonly used single
clinical variable is echocardiography-based EF, which
musters a 1-year mortality prediction C-statistic of
only 0.52.5

In a meta-analysis including 39,372 HF patients
with both reduced and preserved EF,18 13 highly sig-
nificant independent predictors of mortality were
identified. All of these variables, along with many
others (such as blood urea nitrogen, brain natriuretic
peptide [BNP], and serum sodium),16 are routinely
acquired in almost all HF patients and are readily
accessible by machine learning models. The applica-
tion of machine learning in large electronic health
record (EHR) data sets, therefore, offers an attractive
avenue for testing the intuitive hypothesis that
combining the predictive power of these variables
might improve accuracy of personalized HF thera-
peutic decision-making.

To this end, we developed EHR-based deep
learning models from HF patient observations gath-
ered over a decade of admissions to a single institu-
tion. To achieve model applicability to most HF
venues, model development was focused on standard
EHR variables that are common to most HF admis-
sions.5,12-24 To further improve model relevance to
clinical decision-making, outcome class definitions
were expanded beyond those used in prior predictive
modeling where mortality and/or hospital read-
mission predominate.5,12,13,15,16,18,20-24 Specifically,
referral for HF surgical intervention,25 including me-
chanical ventricular support and cardiac trans-
plantation, was added to all-cause mortality in
defining the positive class (medical therapy non-
responders). This expanded positive class definition
more appropriately targets the power of deep learning
toward a specific clinical need—the timely and accu-
rate identification of medical therapy nonresponders
for consideration of high-risk HF surgical options.

METHODS

DATA SOURCE. This study was approved by the
Washington University School of Medicine Human
Studies Institutional ReviewBoard. All clinical variables
were derived from individual patient EHR records at a
single institution: Barnes-Jewish Hospital at Washing-
ton University Medical Center in St. Louis, Missouri.

Our deep learning model’s positive class definition
was expanded beyond isolated all-cause mortality
within 1 year to include observation admissions for
patients who reached institutional clinical thresholds
for referral for invasive surgical intervention,
including mechanical ventricular support (ECMO/
VAD) and cardiac transplantation.25

COHORT AND STUDY DESIGN. All adult patients
admitted with an HF International Classification of
Diseases diagnostic code from January 2009 through
December 2018 comprised our initial study popula-
tion. From these 52,806 patients, hospital admissions
from 52,265 patients who fit age criteria (age $18
and <90 years) were examined. Only those admis-
sions with at least 1 vital sign reading; 1 laboratory
value; and 5 medication, assessment, procedural, or
diagnostic coding data records were included as study
observations. All admissions meeting these observa-
tion criteria were included, allowing patients to
contribute more than 1 observation over the natural
history of their clinical course. A total of 79,850 ad-
missions met observation criteria and contributed
EHR data for model development.



CENTRAL ILLUSTRATION Electronic Health Record–Based Deep Learning Model Predicts Heart Failure
Decompensation
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A total of 350 million electronic health record (EHR) datapoints were used to develop a deep learning model predicting 1-year death or severe decompensation in

heart failure patients. The model’s receiver-operator characteristic curve had an area under the curve (AUC) of 0.91, supporting clinical relevance. LSTM ¼ long

short-term memory.
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Each observation’s admission date triggered an
observation-specific 1-year clock against which all-
cause mortality and HF surgical referral were refer-
enced for determination of positive and negative
classes. An observation was classified as positive if
the corresponding patient had a recorded date within
1 year of the following: 1) all-cause death; 2) ECMO/
VAD; or 3) listing for cardiac transplantation. All other
HF patient admission observations were classified as
negative.
FEATURE EXTRACTION AND DEEP LEARNING

NETWORK DESIGN. The employed deep learning
model (Figure 1) uses 3 long short-term memory
(LSTM) layers to extract features from the time-series
EHR data (vital sign, laboratory, basic procedural,
medication, assessment, surgical procedural, and
diagnostic coding variables),26 and 1 dense layer to
extract features from the nontime-series patient at-
tributes of age at admission, sex, race, and length of
stay (LOS). Finally, a dense hidden layer extracts
additional features based on the output features from
the 3 input LSTM layers and 1 dense input layer. The 3
LSTM layers learn to extract 3 256-length vectors as
intermediate features from the input, while the single
dense input layer takes age, sex, race, and LOS hours
and learns to extract a 16-length vector as an inter-
mediate feature. The hidden layers containing these 4
vectors flow to a hidden layer consisting of 16 neu-
rons plus a bias neuron. This final dense hidden layer
extracts features from all the preceding inputs and
presents a 16-length vector to the final output neuron
that performs the actual classification. All dense
hidden layers make use of a rectified linear unit
activation function. The final classification output
neuron utilizes a sigmoid activation function.

Demographic values exist outside of the time-
series flow of a medical record. Because absent
demographic values usually result from collection



FIGURE 1 Ensemble Deep Learning Model Structure

Ensemble deep learning models employing both time-series and densely-connected networks were developed from electronic health record

(EHR) data. The employed deep learning model uses 3 long short-term memory (LSTM) layers to extract features from the time-series EHR

data (vital sign, laboratory, basic procedural, medication, assessment, surgical procedural, and diagnostic coding variables), and 1 dense layer

to extract features from the nontime-series patient attributes of age at admission, sex, race, and length of stay. Finally, a dense hidden layer

extracts additional features based on the output features from the 3 input LSTM layers and one dense input layer.

McGilvray et al J A C C : H E A R T F A I L U R E V O L . 1 0 , N O . 9 , 2 0 2 2

Predicting Decompensation in Heart Failure S E P T E M B E R 2 0 2 2 : 6 3 7 – 6 4 7

640
errors, their impact upon the model is minimized by
treatment as missing data. If age was missing, then a
default age of 61 years (the data set mean age) was
substituted. Gender was encoded to 1 for male, �1 for
female, and 0 for missing or unknown. Race was
reduced into 4 dummy variables: White, Black, Asian,
and other. If race was unknown, then all 4 race
dummy variables were set to zero. Of note, any
records in the training set that contained missing
demographic values were completely removed.

The potential predictive impact of patient-
specific clinical information accumulating before
observation admission dates was accounted for by
model inclusion of all available time-series EHR
data (excludes demographics) leading up to each
admission, along with the EHR data accumulated
during the actual observation hospital stay. The
model’s 3 LSTM layers each accept sequences of up
to a maximum of 100 time slices. The time slices do
not conform to a fixed timespan, instead repre-
senting the last 100 values. If <100 days of values
were available, data set mean values were used to
complete the data array. This encoding therefore
results in a 100 � 7 tensor for vital signs; 100 � 70
for laboratory test values; and 100 � 32 for the
basic procedural, medication, assessment, surgical
procedural, and diagnostic coding variables.
Although outpatient EHR data is clearly included in
the 100 time slices of data accrued before hospital
admission, outpatient EHR data cannot enter the
model as an observation without association with
hospital admission. The model has not been spe-
cifically developed to make predictions on isolated
outpatient EHR data.

Laboratory values (Table 1), which are encoded as a
vector of 70 values, initially start with the mean data
set value for each laboratory test. As laboratory test
values are obtained over time, the corresponding test
value is updated and holds this value in the tensor for
that date and subsequent days until a new laboratory
value occurs again in the future. Thus, abnormal
laboratory test results remain indefinitely until a
different value occurs in the patient’s EHR. Labora-
tory tests are of high cardinality, such that most pa-
tients have only a subset of the 70 test values we
identified. Similarly, vital signs (Table 1) are encoded
to a vector of 7 values, and missing data values are
also substituted With the data set mean value of that
particular vital sign. Each column in the sequence
holds either the most recent vital sign value or the
data set mean value if none are available. of note,
time slices in the vital sign sequences correspond to



TABLE 1 Feature Importance for Vital Signs, Laboratory Values,

and Static Variables

AUC Without
Variable Importance

Vital signs

Systolic blood pressure 0.894748 1.000000

Weight 0.901138 0.939287

Diastolic blood pressure 0.901781 0.933175

Pulse 0.903363 0.918146

Height 0.907861 0.875409

O2 saturation 0.909794 0.857045

O2 flow rate 0.909884 0.85619

Laboratory values

Brain natriuretic peptide 0.90653234 1.000000

Ammonia 0.910818 0.95414821

Cholesterol 0.91148733 0.94698705

Aspartate aminotransferase 0.91176035 0.9440661

Fibrinogen 0.91214804 0.93991826

pH 0.91256713 0.93543438

D-dimer 0.9126234 0.93483235

Oxygen gradient 0.91269069 0.93411247

Benzodiazepines 0.91270801 0.93392719

Alanine aminotransferase 0.91276195 0.93335011

Triglycerides 0.91302891 0.93049393

C-reactive-protein 0.91312547 0.92946082

Cocaine 0.913161 0.9290807

Oxygen saturation 0.91318655 0.92880729

Platelets 0.91320159 0.92864644

Partial thromboplastin time 0.91321558 0.92849672

Prothrombin time 0.91327815 0.92782727

Lipase 0.91329225 0.9276765

Pulmonary artery oxyhemoglobin 0.9133117 0.92746839

Chloride 0.91339829 0.92654199

Lymphocytes 0.91347624 0.92570797

Cannabinoids 0.91351971 0.92524291

Fasting glucose 0.91352675 0.92516752

Creatine kinase 0.91354085 0.92501675

Calculated oxygen saturation 0.91354099 0.92501516

Bicarbonate 0.91357791 0.92462018

Hematocrit 0.9135801 0.92459682

Glucose 0.91359945 0.92438977

Sodium 0.91362416 0.92412539

FiO2 0.9136578 0.92376544

High density lipoprotein 0.91371526 0.92315068

Lactate dehydrogenase 0.91377863 0.92247273

Partial pressure of oxygen 0.91378528 0.92240159

Monocytes 0.91380344 0.92220729

Partial pressure of carbon dioxide 0.91382835 0.92194078

Alkaline phosphatase 0.9138284 0.92194025

Hemoglobin A1c 0.91387152 0.92147891

Calcium 0.91387782 0.92141148

Hemoglobin 0.9139326 0.92082538

Uric acid 0.91393786 0.92076911

Plasma phosphorus 0.91399572 0.92015009

Pulmonary artery oxygen saturation 0.91400545 0.92004604

Potassium 0.91402986 0.91978484

Carbon dioxide 0.91410067 0.91902726

Hemoglobin total 0.91410335 0.9189986

Creatinine 0.91411476 0.91887649

Continued in the next column

TABLE 1 Continued

AUC Without
Variable Importance

Amylase 0.91413163 0.91869599

Anion gap 0.91413302 0.91868112

Mixed venous oxygen 0.91413615 0.91864768

Plasma protein 0.91413635 0.91864555

Carboxyhemoglobin 0.91416299 0.91836047

Ketones 0.91416324 0.91835781

Eosinophils 0.91416662 0.91832171

Mixed venous oxygen saturation 0.91416716 0.91831587

Plasma potassium 0.91417297 0.91825376

Indirect Coombs 0.91417396 0.91824314

Base excess 0.91418577 0.91811679

Thyroid stimulating hormone 0.91419118 0.91805892

Bilirubin 0.9142014 0.91794956

Troponin I 0.91420735 0.91788585

Basophils 0.9142206 0.91774411

Magnesium 0.91422591 0.9176873

Lactic acid 0.91423033 0.91764005

Methemoglobin 0.91423405 0.91760023

International normalized ratio 0.91423465 0.91759386

Urine specific gravity 0.91424144 0.91752113

Direct bilirubin 0.91426635 0.91725463

Albumin 0.91427449 0.91716756

Neutrophils 0.91428045 0.91710385

Blood urea nitrogen 0.91432183 0.91666109

Static variables

Length of stay hours 0.90074014 1.000000

Age at admission 0.90916532 0.91511991

Vital sign row count 0.90925047 0.91426206

Unstructured row count 0.91011626 0.90553964

Laboratory test row count 0.91060244 0.90064153

Gender 0.91381034 0.8683234

Race 0.91410881 0.86531645

AUC ¼ area under the curve; FiO2 ¼ fraction of inspired oxygen.
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the mean vital sign values for each of the last
100 days.

All basic procedural, medication, assessment,
surgical procedural, and diagnostic coding variables
were mapped to 100-length sequences of a 32-
dimensional vector space generated by Python
Genism Word2Vec before input into the LSTM
layer.27 These values are high-cardinality and
sparse. Because their data are encoded to 32-
number vectors that occur over time, there is no
need to handle missing data. A particular value is
encoded when present. Values not present are not
considered, because they are not encoded into the
time series.

The admission observations were randomly split
into training (80%), validation (10%), and testing
(10%) data sets. The primary metric of model per-
formance is area under the receiver-operator



TABLE 3 Model Observation Characteristics

Negative Positive Total

Number of observations 64,017 (80.2) 15,833 (19.8) 79,850

Age at observation, y 61 � 15 65 � 14 62 � 15

Gender of observation
patient

Male 33,981 (53.1) 9,168 (57.9) 43,149 (54.0)

Female 30,034 (46.9) 6,661 (42.1) 36,695 (46.0)

Unknown 2 (0) 4 (0) 6 (0)

Race of observation
patient

White 25,233 (39.4) 7,139 (45.1) 32,372 (40.5)

Black 25,936 (56.1) 6,752 (42.6) 42,688 (53.5)

Asian 313 (0.4) 78 (0.5) 391 (0.5)

Other 2,535 (4.1) 1,864 (11.8) 4,399 (5.5)

Values are n (%) or mean � SD.

TABLE 2 Model Performance Results

ROC AUC 0.91

Log loss 0.35

PR AUC 0.78

Brier score 0.09

PR ¼ precision recall; ROC ¼ receiver-operating characteristic; other abbreviation
as in Table 1.

TABLE 4 Descriptive Statistics per Observation

Negative Positive Intervention Overall

Mean LOS hours 97 174 302 112

Mean vital sign data count 30 41 25 32

Mean laboratory data count 43 53 33 45

Mean unstructured data count 58 60 49 59

Age 61 65 51 62

O2 SAT 97 97 97 97

Height 169 170 173 169

Weight 90 84 92 89

Pulse 79 83 81 79

Systolic 128 121 106 127

Diastolic 72 68 68 71

O2 flow 0.72 1.29 0.28 0.83

LOS ¼ length of stay; SAT ¼ saturation.
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characteristic curve (AUC) (or C-statistic). Other
performance metrics include log loss, precision
recall (PR) AUC, and Brier score (Table 2). The per-
mutation feature importance method28 was used for
all feature importance calculations (Table 1). This
method evaluates feature importance on an already
trained neural network by permuting select inputs
and observing the resulting change in AUC.
Permuting multiple features provides their collabo-
rative importance.

RESULTS

The patient demographic characteristics of all study
observations are shown in Table 3. According to our
classification definitions, 15,833 (20%) and 64,017
(80%) of the 79,850 observations were labeled posi-
tive and negative, respectively. The average obser-
vation patient age was 62 years, and the majority of
observation patients were White and men. As ex-
pected, a strong majority (97%) of the positive class
observations (n ¼ 15,293) in our study cohort were all-
cause mortality, whereas 3% (n ¼ 540) were classified
as positive secondary to HF medical therapy nonre-
sponse that met institutional guidelines for place-
ment of mechanical ventricular support and/or
cardiac transplantation. Descriptive statistics per
positive and negative observation are shown in
Table 4, including mean values of LOS hours, vital
sign data count, laboratory value count, and un-
structured data count.

Table 1 demonstrates the univariate feature
importance of vital sign, laboratory test, and static
variables. Systolic blood pressure (BP), BNP, and
observation LOS were the most important features at
a univariate level.

Multivariate exploration of feature importance can
uncover complex EHR-data relationships with po-
tential to not only predict response to medical ther-
apy, but also generate mechanistic hypotheses.
Figure 2 is a heat map demonstrating the importance
interaction between vital sign and laboratory test
variables. On the x- and y-axes, respectively, are the
vital sign and laboratory test features ordered by
univariate importance. A dominant impact upon
model prediction is demonstrated for systolic BP and
BNP. The rapid increase in the heat map horizontal
gradient demonstrates the marked impact of systolic
BP, weight, pulse, and diastolic BP (in descending
order). The less well-defined vertical gradient dem-
onstrates the individual strength of the 70 laboratory
test values whose acquisition is common in HF pa-
tient management.

MODEL PERFORMANCE EVALUATION. Figure 3
shows the model performance by receiver-operator
characteristic curve. The AUC (C-statistic) for the
deep learning model test set was 0.91 with 95% CI:
0.91-0.92. The AUC for our training set was 0.98. We
utilized a validation set to determine when to stop
training. This validation set had an AUC of 0.91.

Additional performance evaluation metrics are
demonstrated in Table 2. The PR AUC was 0.77 with a
95% CI: 0.75-0.80. The PR AUC referenced in Table 2
is shown in Figure 4.



FIGURE 2 Heat Map of Vital Sign Versus Laboratory Test Values

This heat map demonstrates the importance interaction between vital sign and laboratory test variables, with vital signs on the x-axis and

laboratory values on the y-axis. Variables are presented in order of univariate importance. Systolic blood pressure and brain natriuretic

peptide had dominant effects on model prediction. There is a steep increase in the horizontal gradient, demonstrating the particular

importance of systolic blood pressure, weight, pulse, and diastolic blood pressure (in descending order). AG ¼ anion gap; Alk Phos ¼ alkaline

phosphatase; ALT ¼ alanine aminotransferase; AST ¼ aspartate aminotransferase; Base Ex ¼ base excess; Benzos ¼ benzodiazepines; Bicarb

¼ bicarbonate; BNP ¼ brain natriuretic peptide; BUN ¼ blood urea nitrogen; Chol ¼ cholesterol; CK ¼ creatine kinase; CO2 ¼ carbon dioxide;

COHb ¼ carboxyhemoglobin; CRP ¼ c-reactive protein; Diastolic ¼ diastolic blood pressure; Dir Bili ¼ direct bilirubin; FiO2 ¼ fraction of

inspired oxygen; Gluc Fast ¼ fasting glucose; HbA1c ¼ glycosylated hemoglobin; Hct ¼ hematocrit; HDL ¼ high-density lipoprotein; Hgb ¼
hemoglobin; Ind Coombs¼ indirect Coombs; INR¼ international normalized ratio; LDH ¼ lactate dehydrogenase; MetHb ¼methemoglobin;

Mg ¼ magnesium; PlasmaK ¼ plasma potassium; Na ¼ sodium; O2 Flow ¼ oxygen flow; O2 Sat ¼ oxygen saturation; O2 Sat Cal ¼ calculated

oxygen saturation; O2 Sat ven ¼ mixed venous oxygen saturation; OxygenPA ¼ pulmonary artery oxygen saturation; Oxy grad ¼ oxygen

gradient; OxyhemePA ¼ pulmonary artery oxyhemoglobin; pCO2 ¼ carbon dioxide level; pO2a ¼ arterial oxygen partial pressure; pO2v ¼
mixed venous oxygen partial pressure; PT ¼ prothrombin time; PTT ¼ partial thromboplastin time; Spec Grav ¼ urine specific gravity;

Systolic ¼ systolic blood pressure; Trigly ¼ triglycerides; TSH ¼ thyroid stimulating hormone.
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FIGURE 3 Receiver-Operating Characteristic Curve for the

Deep Learning Model’s Prediction Performance

The area under the receiver-operating characteristic curve

(AUC) (or C-statistic) of 0.91 with a 95% CI of 0.91-0.92

supports deep learning model clinical relevancy.
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Table 4 demonstrates mean descriptive statistics
referenced to positive and negative observations, and
Table 5 summarizes the model’s AUC for a broad
range of hospital admission LOS (hours). The model
predicted well across the spectrum of observation
admission LOS, even for those observations based
upon very short hospital admissions.

DISCUSSION

Deep neural networks have proven successful at
extracting features from EHR data in HF patient
populations.5,12-24 In this study, EHR-based deep
learning models demonstrated potential to assist
FIGURE 4 Precision Recall Curve Performance Metric

The precision recall area under the curve (AUC) of 0.77 with a

95% CI of 0.75-0.80 further supports the clinical relevancy of

our predictive deep learning model.
clinicians in more accurately directing the applica-
tion of highly invasive, life-disruptive, yet poten-
tially life-saving HF surgical therapy. To improve
generalization, the model was trained, validated,
and tested using >350 million EHR datapoints
accumulated over a 10-year period from 79,850 pa-
tient admission observations in a final study cohort
of 52,265 unique HF patients. An ensemble deep
learning model using both LSTM time-series and
densely connected algorithms accurately predicted a
positive observation class whose patients experi-
enced severe deterioration within 1 year with a
C-statistic of 0.91. These results support the hy-
pothesis that strong predictive relationships exist in
EHR data routinely acquired during HF patient
management, and that this predictive power is
potentially exploitable by machine learning algo-
rithms to predict real-world nonresponse to HF
medical therapy.

Recent publications support the potential contri-
bution of machine learning in the enhancement of
clinical decision-making when compatible algorithms
are judiciously matched to appropriate clinical prob-
lems.5,12-14,16,17,19-26,29,30 For instance, when deep
convolutional neural networks, which are optimal for
image analysis, are enhanced by a combination of
pretraining, data-preprocessing, model ensembling,
and radiologist-augmented workflow, previously un-
imaginable results (AUC: 0.99) have been obtained in
the automated classification of tuberculosis by chest
radiography.29 Most machine learning applications in
HF patient populations have focused upon commonly
available EHR variables and have been aimed at
improving prognostic modeling to assist clinicians in
the accurate identification of patients nearing
decompensation, with primary outcome definitions
centered upon mortality and/or hospital read-
mission.5,12,13,15-17,20-24,31

The current investigation builds upon this prog-
ress by focusing the predictive power of deep
learning on a single and yet critical patient man-
agement issue: the timing and accuracy of HF pa-
tient referral for high-risk mechanical ventricular
support or cardiac replacement therapy. Accurate
timing of patient referral for advanced HF inter-
vention represents a prototypical machine learning
binary classification problem to which deep learning
algorithms are especially applicable. The relevance
of prior machine learning investigations that used
only mortality or hospital readmission to define the
positive class is difficult to assess. Use of a
mortality-based positive class definition that does
not include patients referred for advanced inter-
vention builds a small inherent error into any



TABLE 5 ROC AUC on Test Dataset for LOS Hours

LOS, h Observations AUC Positive, %

#5 949 0.93 12

#10 2,359 0.93 12

#20 3,573 0.94 12

#30 4,467 0.94 14

#40 4,938 0.94 14

#50 5,234 0.93 14

#60 5,417 0.93 14

#70 5,702 0.93 15

#80 5,884 0.93 15

#90 6,020 0.93 15

#100 6,237 0.93 16

#200 7,181 0.92 17

#300 7,498 0.92 18

#400 7,658 0.92 19

#500 7,749 0.92 19

#600 7,806 0.92 19

AUC ¼ area under the curve; LOS ¼ length of stay; ROC ¼ receiver-operating characteristic.
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potential clinical application in our target popula-
tion. Although 97% of the positive class in our
study cohort experienced all-cause mortality, the
remaining 3% (540 patient observations) would be
classified in the negative class if all-cause mortality
was the sole classification descriptor.

Our use of machine learning algorithms sensitive
to the predictive potential of temporal patterns of
time-sensitive EHR variables is critical to the
demonstrated model accuracy. Detection of subtle
trends in disease progression or remission, as indi-
cated by progressive time-based deterioration or
improvement of EHR-based HF metrics, clearly
boosted model predictive capability, just as it has
intuitively contributed to routine clinical HF man-
agement for decades. In our model development,
time-series22,26,30 machine learning algorithms (ie,
LSTM networks) were used in the analysis of all var-
iables, except nontime-dependent, fixed variables (ie,
demographics).

Many electronic medical record systems, such as
EPIC and Cerner, allow application programming in-
terfaces in HL7 FIHR (Fast Healthcare Interoperability
Resources) format to automatically populate
embedded machine learning models with patient-
specific EHR data. With further model development,
these capabilities may allow advanced machine
learning models, such as those discussed in this pa-
per, to assist clinicians in real-time patient manage-
ment decisions by rendering patient-specific heart
failure outcome predictions.

STUDY LIMITATIONS. Potential limitations of this
investigation include its use of EHR data retrospec-
tively gathered from a single institution, possibly
frustrating our emphasis upon generalization to other
HF populations and venues. Further, all in-
vestigations employing machine learning models
based upon retrospectively obtained sequentially
occurring EHR database variables may have inad-
vertent retrograde leakage into the model of data
informative of subsequent occurrence of HF classifi-
cation endpoints. This information may unfairly
inform the model and falsely improve model test set
accuracy. We have manually and analytically
searched the EHR data for all structured and un-
structured mention of endpoints and have been
assured by these efforts that no systematic
leakage occurred.

To improve model generalization to real-world
application, all admissions that met our observa-
tion criteria were included, allowing many patients
to contribute more than 1 observation. Although
this may have skewed model training toward the
sickest patients, thereby compromising observation
independence, the model’s predictive potential is
of primary importance. All observations were
included to capture the important predictive
power of temporal EHR patterns during disease
progression.

The accurate determination of death in any
medical population remains problematic. As a
result of the considerable efforts of our hospital
billing services, our hospital EHR itself remains
the most reliable source of mortality statistics for
our study population. Similarly, our use of “all-
cause” mortality in the definition of our positive
class, although reasonable, is not ideal, because it
is inclusive of non–HF-dependent deaths. Our
target HF patient population is comprised of
medically complex patients with equally compli-
cated, multifactorial, and often obscure causes
contributing to their deaths. Sorting them out with
any degree of precision is clinically impossible,
making all-cause mortality the optimal, albeit
compromised, choice.

CONCLUSIONS

The identification of HF patients approaching
decompensation would facilitate the accurate tar-
geting of these patients with available surgical op-
tions, while sparing the rest from the associated
risk, expense, and uncertainty of these life-
disrupting yet potentially life-saving technologies.
An EHR-based deep learning model that predicts



PERSPECTIVES

COMPETENCY IN MEDICAL KNOWLEDGE:

The demonstrated accuracy of EHR-based deep

learning model prediction of 1-year all-cause death or

referral for HF surgical therapy supports clinical rele-

vance. EHR-based deep learning models have

considerable potential to assist HF clinicians in

improving the application of advanced HF surgical

therapy in medical therapy nonresponders.

TRANSLATIONAL OUTLOOK: A deep learning

model developed from 350 million EHR datapoints

from 52,265 heart failure patients predicted 1-year

death or severe decompensation with a C-statistic

of 0.91. Deployment of this model is aimed at

assisting clinicians in the early identification of at-

risk heart failure patients and timing of individual

referral for advanced surgical intervention, such as

mechanical ventricular assistance and cardiac

transplantation.
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death or referral for HF surgical intervention was
developed in a large single-institution cohort of HF
patients with accuracy supporting clinical relevance.
Future ensemble models employing not only EHR-
based variables, but also advanced patient-specific
HF physiological metrics, such as functional
testing25,30 or regional contractile indexes,32,33 offer
considerable promise in achieving predictive accu-
racy that engenders uncontestable clinical rele-
vance. As further clinical application increases
model accuracy, automated EHR-embedded deep
learning models may have potential to directly
assist HF clinicians in improving the application of
advanced HF surgical therapy.
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