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purpose of AHF risk stratification. In this study, several models for the prediction of
seven-day mortality among AHF patients were developed by applying machine
learning techniques to retrospective patient data from 236,275 total emergency
department (ED) encounters, 1881 of which were considered positive for AHF and
were used for model training and testing. The models used varying subsets of age,
sex, vital signs, and laboratory values. Model performance was compared to the
Emergency Heart Failure Mortality Risk Grade (EHMRG) model, a commonly used
system for prediction of seven-day mortality in the ED with similar (or, in some cases,
more extensive) inputs. Model performance was assessed in terms of area under the
receiver operating characteristic curve (AUROC), sensitivity, and specificity.

Results: When trained and tested on a large academic dataset, the best-performing
model and EHMRG demonstrated test set AUROCs of 0.84 and 0.78, respectively, for
prediction of seven-day mortality. Given only measurements of respiratory rate,
temperature, mean arterial pressure, and FiO,, one model produced a test set
AUROC of 0.83. Neither a logistic regression comparator nor a simple decision tree
outperformed EHMRG.

Conclusions: A model using only the measurements of four clinical variables
outperforms EHMRG in the prediction of seven-day mortality in AHF. With these
inputs, the model could not be replaced by logistic regression or reduced to a
simple decision tree without significant performance loss. In ED settings, this
minimal-input risk stratification tool may assist clinicians in making critical decisions
about patient disposition by providing early and accurate insights into individual
patient’s risk profiles.
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Introduction

Acute heart failure (AHF) refers to new or worsening signs and symptoms of heart
failure leading to unscheduled medical care or hospitalization [1]. The condition
can arise de novo or as an acute decompensation of pre-existing chronic heart fail-
ure [1]. AHF is among the most frequent causes of hospitalization in the United
States and represents a growing healthcare burden [2, 3]. Expenditures for AHF in
the United States approach $39 billion per year, and are expected to almost double
by 2030 [4, 5]. An episode of AHF can herald the onset of rapidly progressive and
ultimately fatal disease: up to half of heart failure patients die within 5 years of
first diagnosis [6-9].

Initial evaluation and triage of AHF patients is often performed in the emer-
gency department (ED). Based on this initial clinical assessment, patients may be
discharged for outpatient management or admitted for more intensive care. Ac-
curate risk stratification of AHF patients is important for optimizing outcomes, as
it may be used to guide hospitalization decisions and clinical management [10].
Estimating near-term mortality has been the cornerstone of risk stratification in
AHF [11]. However, even skilled clinicians may incorrectly prognosticate risk of
death in heart failure patients [12, 13]. The heterogeneity of the underlying dis-
ease process, particularly in de novo AHF, presents a prognostic challenge, since
the clinical course of patients with different etiologies of AHF may vary [14-16].
Risk scoring systems may be used to improve predictions made in the ED context
about mortality in AHF patients beyond clinical judgment alone [10, 12]. Numer-
ous risk scores have been developed, mostly using conventional multivariable stat-
istical modeling [17].

Machine learning (ML), a form of artificial intelligence, provides an opportunity
to improve upon predictions made with such risk scoring systems. Machine learn-
ing algorithms (MLAs) can make clinically relevant predictions about the occur-
rence of future events based on data available within the electronic health record
(EHR) [18]. Many conventional AHF mortality risk scores utilize “one size fits all”
scoring rules and are frequently derived from populations non-representative of the
spectrum of patients seen in real world clinical practice [10]. In contrast, MLAs
provide individualized patient risk assessments and may be trained on data from
diverse, real-life populations [19]. MLAs can utilize large amounts of data available
in the EHR in a manner that is not feasible for tools which require manual scor-
ing, integrating both dynamic changes within, and complex relationships between,
variables into making predictions [20]. MLAs have been shown to outperform
existing mortality prediction approaches in other areas of cardiovascular medicine,
supporting their potential utility for predicting mortality in AHF patients [17, 21,
22]. Indeed, foundational research has illustrated that various types of MLAs can
outperform conventional risk scoring systems at predicting mortality in AHF pa-
tients [23, 24]. We hypothesized that a machine learning based classifier using
minimal inputs may be an effective tool for risk stratification in AHF, and may im-
prove upon the performance of existing mortality prediction tools. This work de-
scribes the development and retrospective validation of a gradient boosted decision
trees model to predict the likelihood of seven-day mortality in AHF patients based
on minimal EHR data during initial patient evaluation in the ED.
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Results

A total of 236,275 ED patient encounters were available in our dataset. Of these en-
counters, 1881 were associated with an AHF diagnosis, had complete chart data and
were present in the ED at eight hours (Fig. 1). For hold-out testing of the models, a
total of 357 patients were included, 19 of whom had a positive mortality event as de-
fined by our gold standard (Fig. 1).

Demographic data for the combined training and testing data are presented in
(Table 1). AHF patients with a seven-day mortality event were, on average, more
likely to be elderly (age >80 years), more likely to have cancer and dementia, and
less likely to have hypertension (Table 1). Median age for the positive class was 82
years (interquartile range (IQR): 73, 90), and median age among the negative class
was 74 (IQR: 61, 85).

Four models were trained: a 33-feature XGBoost model (33F) and a logistic regres-
sion (LR) model trained using all inputs in Supplementary Table 1, a five-feature
XGBoost model (Top5F) and a five-feature decision tree (DT). From a variety of inputs
provided based on a priori relevance to AHF mortality prediction, XGBoost selected
the 33 features most useful to making predictions; these inputs were then used by the
33F model and the LR model. A SHAP analysis of the 33F XGBoost model revealed the
input features that XGBoost determined to be the most important in making predic-
tions. The top five most important features were then provided as inputs to the Top5F
XGBoost model. The Top5F and DT models used the same five features as inputs.
These four models were tested alongside EHMRG for the prediction of the seven-day
mortality gold standard, where predictions were made at the eighth hour of each stay.

The receiver operating characteristic (ROC) curves for the models on the hold-out test
set are presented in Fig. 2, demonstrating that 33F and Top5F exhibit greater sensitivity
than EHMRG across a range of specificities, while DT and LR do not. Similarly, models
33F and Top5F achieved a greater area under the receiver operating characteristic
(AUROC) curve than EHMRG, DT, and LR (Table 2). Operating points for the models
were selected to maximize sensitivity subject to specificity. For these operating points, 33F
and Top5F outperformed the EHMRG on all evaluated performance metrics (Table 2).

5 AHF encounters with
. AHF encounters with 2 N
EDiEHesuRtERS ED encounters with Vitarsions afd no disposition
_ —> AHF diagnosis —> 9 : decision before
(n = 236,275) _ encounter start time
(n =2,064) =1.935 8 hours
(n=1,935) (n=1,881)
Positive Class
(n =55) Training Set
Negative Class & (n=1,316)
(n =1261)
B Test Set with EHMRG eps
. -~ inputs features -~ -
Negative Class (n = 357) (n = 565)
(n =338)
Fig. 1 Patient encounter inclusion diagram. Abbreviations used: acute heart failure (AHF); Emergency
Department (ED); Emergency Heart Failure Mortality Risk Grade (EHMRG)
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Table 1 Demographics of the combined data used to train and test models for the prediction of
seven-day mortality in acute heart failure patients presenting to the Emergency Department.
Differences between the positive and negative class were evaluated for significance with a two
proportions z-test

AHF patients who die within AHF patients who do not die P
seven days within seven days value
N (%) N (%)
Age
<30 0 (0.00) 25 (1.56) 0.2785
30-49 2 (2.70) 153 (9.57) 0.0464
50-59 7 (9.46) 205 (12.82) 0.3955
60-69 8(10.81) 315 (19.70) 0.0582
70-80 17 (22.97) 311 (1945) 04555
80+ 40 (54.05) 590 (36.90) 0.0029
Sex
Female 33 (44.6) 664 (41.5) 0.601
Male 41 (554) 935 (585) 0.601
Race
American Indian or Alaska 0 (0) 1 (0.09) 0.8296
Native
Asian 26 (35.14) 256 (22.72) <.0001
Black or African American 8 (10.81) 204 (18.1) 0.6225
Native Hawaiian or Other 4 (547) 31 (2.75) 0.0416
Pacific Islander
Other 10 (13.51) 149 (13.22) 0.2290
Unknown/Declined 1 (1.35) 20 (1.77) 0.9394
Ethnicity
Hispanic or Latino 5 (6.76) 93 (8.25) 0.7362
Not Hispanic or Latino 65 (87.84) 1013 (89.88) <.0001
Unknown/Declined 4 (541) 21 (1.86) 0.0046
Medical Comorbidities
Dyslipidemia 21 (28.38) 590 (36.9) 0.1367
Diabetes Mellitus 28 (37.84) 703 (43.96) 0.2989
Hypertension 46 (62.16) 1223 (76.49) 0.0049
Peripheral Vascular Disease 4 (541) 138 (8.63) 0.3305
Atrial Fibrillation 38 (51.35) 757 (47.34) 0.4996
Chronic Kidney Disease 41 (5541) 839 (52.47) 06211
Hepatic Cirrhosis 4 (541) 76 (4.75) 0.7971
Chronic Obstructive 22 (29.73) 399 (24.95) 03546
Pulmonary Disease
Cancer 21 (28.39) 145 (9.07) <.0001
Dementia 12 (16.22) 129 (8.07) 0.0136
Depression 6(8.11) 176 (11.01) 04337
History of TIA or Ischemic 227 54 (3.38) 0.7525
Stroke

History of MI 12 (16.22) 261 (16.32) 0.9807
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Fig. 2 Receiver operating characteristic (ROC) curves for the prediction of seven-day mortality among acute
heart failure patients for gradient-boosted decision trees models with 33 and five features (33F and Top5F,
respectively), the Emergency Heart Failure Mortality Risk Grade (EHMRG) model, a logistic regression (LR)
model, and a single decision tree (DT) with the same five features as Top5F

The two most recent (i.e., at the seventh and eighth hour of the stay) measurements
of respiratory rate, and single measurements of temperature, mean arterial pressure,
and FiO, (the features of model Top5F), were the most important features for 33F, as
measured by their SHAP values (Fig. 3). Laboratory test results were also important for
33F. For LR, serum glucose and blood urea nitrogen were the most important features.
Repeated blood pressure and heart rate measurements had relatively high SHAP values,

Table 2 Performance metrics of the gradient-boosted decision trees models with 33 and five
features (33F and Top5F, respectively), the Emergency Heart Failure Mortality Risk Grade (EHMRG)
model, a single decision tree (DT) with the same five features as Top5F, and a logistic regression
(LR) model for the prediction of seven-day mortality

33F Top5F EHMRG DT LR
AUROC 0.843 0.830 0.776 0.589 0.685
Sensitivity 0.895 0.895 0.684 0.211 0.579
Specificity 0.749 0618 0.642 0.967 0.722
LR+ 3558 2344 191 6.469 2082
LR- 0.141 0.170 0492 0816 0.583

DOR 25.300 13.771 3.886 7927 3.569
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suggesting the importance of dynamic measurements for LR. Feature correlations and
distribution of feature importance for each patient encounter for each model are pre-
sented in Fig. 3.

Discussion

Key findings

Accurate AHF patient risk stratification in the ED is critical to informing clinical man-
agement decisions, with implications both for patient outcomes and healthcare costs.
In this study, we describe the development of models which can accurately predict
seven-day mortality among AHF patients in the ED setting using only a subset of age,
sex, and a limited collection of common clinical and laboratory measurements as inputs
(Supplementary Table 1). In particular, one model approximated the best performance
using a total of only five observations (in total) of four clinical variables—respiratory
rate, temperature, mean arterial pressure, and FiO,.

The best-performing model used only 33 features derived from 20 clinical variables.
Model 33F achieved a sensitivity of 89.5% and specificity of 74.9%, with an AUROC of
0.843 (Fig. 2), demonstrating a low false negative rate while accurately discriminating
between low- and high-risk patient groups. Cardiovascular risk prediction models that
obtain AUROCs above 0.8 are generally considered to have strong discriminatory per-
formance [25]. Notably, 33F outperformed the EHMRG on all performance metrics
(Table 2). Previous research has shown that the EHMRG can perform with high dis-
crimination (e.g. AUROC > 0.7) in ED populations [26, 27], underscoring that an MLA
can improve upon even well-performing clinical prediction tools developed using con-
ventional statistical methods.

Using only five measurements, model Top5F effectively matched the AUROC of
model 33F and offered an operating point with the same sensitivity but lower specificity
(Fig. 2, Table 2). Model Top5F may be preferable to model 33F given the benefits pro-
vided by the use of fewer inputs. However, as predictive models of acute conditions
sometimes use thousands of features [28], Top5F and 33F can both be considered to

use a minimal set of inputs.

Justification for model architectures

There are many advantages to using a minimal set of commonly available inputs for
MLAs [29, 30]. First, using fewer measurements lessens the risk of overfitting the data
and avoids poor generalization of model performance. Second, by using inputs which
are measured for most patients (and measured frequently), one increases the chance of
model predictions being made on the basis of complete and up-to-date information.
Third, by using few measurements, one greatly reduces the burden of model integration
with the EHR during prospective implementation. Fourth, models which use a few,
easy-to-collect inputs may be adapted to limited resource settings.

To determine if a structurally simpler model could be substituted for Top5F while
outperforming EHMRG, we experimented with two other models—a logistic regression
using the same inputs as 33F, and a single decision tree using the same five inputs as
Top5F. A similar approach was used to produce a “clinically portable” decision tree
model for COVID-19 mortality prediction, to be used in place of a corresponding
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Fig. 3 Feature correlations and distribution of feature importance for (a) the 33-feature gradient-boosted
decision trees model (33F) and (b) the logistic regression (LR) model. Model input variables are ranked in
descending order of feature importance. Red is indicative of a high feature value and blue is indicative of a
low feature value. Points to the right of the line of neutral contribution resulted in a higher score; points to
the left of this line resulted in a lower score
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gradient-boosted decision trees model [31]. We found that a structurally simpler model
could not be substituted for Top5F without significant performance losses and a
failure to exceed the benchmark provided by EHMRG (Fig. 2, Table 2). Specifically,
the structural simplicity and limited depth of the simple DT prevent this model
from effectively using the limited input features, likely contributing to the poor
sensitivity and AUROC. By its nature, a simple DT is a weak learner relative to an
ensemble learning approach like XGBoost, which successively learns from a collec-
tion of decision trees to ultimately create a more powerful model. XGBoost creates
this ensemble of decision trees by iteratively building trees which perform better
on misclassified examples.

Among the many MLAs suitable for creating mortality prediction models, we chose
the XGBoost algorithm because of the ease with which it handles missing or null values
[32]. Given the high levels of “missingness” within EHR data - due to variability in data
acquisition and recording habits in the live clinical environment - this quality is attract-
ive, even when using common and frequently measured clinical variables [33]. Boosted
regression classifiers generally, and XGBoost specifically, perform as well or better than
other machine learning approaches in predicting mortality among heart failure patients
[34—-36]. XGBoost architectures are appropriate for training from minimal feature sets
because they are able to learn adaptively and can utilize dynamic data. While EHMRG
uses a predetermined set of validated inputs, XGBoost models can use these inputs or a
wider range of inputs, testing and selecting the best inputs to make accurate predic-
tions. In addition, the EHMRG only uses static features which cannot account for
changes (e.g. in laboratory measurements or vital signs) during an ED encounter. These
differences likely enabled the XGBoost models to attain higher performance compared
to EHMRG (Table 2).

Providing context: alternative risk scores and prediction systems

The most important features used by the models were consistent with prognostic fac-
tors reported in the literature. For example, increased respiratory rate in the ED has
been linked to ICU admission, mechanical ventilation and death in AHF patients [37].
Hemodynamic instability has also been associated with a poor prognosis for AHF pa-
tients, including death post-discharge [38]. The importance of repeated vital sign mea-
surements at different time points—as well as the changes in vital signs measurements—
in generating predictions highlights the value of a machine learning-based tool which
can effectively process dynamic trends in data [17].

Increased attention to the potential clinical and economic benefits of effective AHF
risk stratification has led to the development of risk scores for use in the ED [39], in-
cluding the EHMRG [16]. However, many extant risk stratification tools were derived
from populations not representative of the heterogeneous spectrum of real world ED
patients, or have only been validated for risk evaluation in certain sub-types of AHF
[10]. Few risk tools have been developed with clear, robust methods for adjusting pre-
diction to account for missing input data [17]. The effectiveness of conventional risk
scores in supporting clinical decision making may be hindered by decision rule com-
plexity and by the absence of standardized use across providers and healthcare systems
[40—42]. Further, conventional scores evaluate the risk of a cohort of patients with
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similar characteristics, and do not provide an individualized assessment of risk for each
patient [10].

MLAs have been developed to accomplish a variety of tasks in the management of
heart failure, including diagnosis, classification of disease type, prediction of outcomes,
and predicting response to treatment [43—46]. A rapidly growing body of work has fo-
cused on the use of machine learning for prediction of mortality in patients with AHF
[23, 47, 48, 49]. For example, Kwon et al. developed and validated a deep neural net-
work algorithm that predicted in-hospital, 1- and 3- year mortality among AHF pa-
tients more accurately than both the conventional Guidelines-Heart Failure (GWTG-
HF) risk score [48] and other machine learning approaches [23]. The deep neural net-
work developed by Kwon et al. obtained AUROC:s of 0.880, 0.782, and 0.813 for predic-
tion of in-hospital, 1year, and 3 year mortality, respectively. Models 33F and Top5F
achieved comparable results (AUROCsS of 0.843 and 0.830), without requiring the abun-
dance of input variables and large-scale training data neural networks require [50].

Adler et al. developed an MLA to discriminate between heart failure patients at high
and low risk of death [47] and Awan et al. used a battery of similar machine learning
methods to predict risk of readmission or death in elderly heart failure patients [48].
However, the models developed in these studies were not specifically designed and
trained for use in ED settings. It is important that models intended to guide patient dis-
position planning are developed on targeted patient populations who present to the
ED, as opposed to being developed on broader hospitalized populations [16]. While
some MLAs designed to predict mortality in heart failure have not been validated out-
side of training data [17], the XGBoost model in this study demonstrated strong per-
formance on a hold-out test set, suggesting that it was not overfit in training and can
successfully make predictions on other data.

Both conventional risk models and MLAs have been developed which leverage B-type
natriuretic peptide (BNP) or N-terminal prohormone BNP (NT-proBNP) as inputs [36,
51, 52]. These data were not available within our dataset, and so could not be incorpo-
rated as input features. BNP and NT-proBNP can be useful in diagnostic evaluation
and have prognostic value, including for mortality prediction [9, 53-56]. Models 33F
and Top5F were able to perform well without these laboratory results, and adaptations
of these models to clinical datasets in which these results are available have the poten-

tial to perform better.

Limitations

This study has several limitations. Our inclusion criteria resulted in a relatively small
positive class size, which may limit generalizability of results. Our dataset also did not
include information on home metolazone use or whether patients arrived at the ED via
emergency medical services. Without these inputs, the EHMRG could not be calculated
to yield scores comparable to the risk thresholds described in the literature. However,
metolazone use has previously been identified as contributing minimally to final
EHMRG risk categorizations [57]. In addition, our approach to selecting a threshold
intentionally optimized the performance of the adjusted EHMRG. The AUROC of the
adjusted EHMRG in our study is comparable with reported AUROCs of the unadjusted
EHMRG in the literature [26, 27], suggesting that the performance of the EHMRG was
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preserved and remains a suitable comparison for the performance of the models. Fur-
ther, because this is a retrospective study, we were unable to determine the perform-
ance of the AHF prediction algorithms in a prospective clinical setting. Prospective
validation is required to determine how clinicians may respond to predictions of mor-
tality among AHF patients, as well as to determine whether predictions can affect pa-

tient outcomes or resource allocation.

Conclusions

A model using only four clinical variables outperforms EHMRG in the prediction of
seven-day mortality of AHF patients in the ED. This tool may assist clinicians in mak-
ing critical decisions about patient disposition by providing early and accurate insights
into individual patient’s risk profiles.

Materials and methods

Data processing

The MLA development workflow, including data processing, is outlined in Supplemen-
tary Fig. 1. Patient data were extracted from the EHR of a large academic medical cen-
ter. We included data extracted from patients between 2011 and 2015 who were
assessed in the ED. These data included patient demographics, medical diagnoses from
prior encounters, vital signs, and laboratory data. Data were de-identified in compliance
with the Health Insurance Portability and Accountability Act (HIPAA) and were col-
lected passively. Since data were de-identified and collected retrospectively, this study
was considered non-human subjects research and did not require Institutional Review
Board approval.

We only included data from patients with ED encounters for AHF and complete
chart data. ED encounters for AHF were identified by the presence of International
Classification of Diseases, Tenth Revision (ICD-10) codes for acute heart failure in the
inpatient chart (Supplementary Table 2). No data were included for ED encounters not
associated with an AHF diagnosis. Chart data were considered to be incomplete if it
did not contain any vital sign measurements or if it did not contain a start time for the
ED encounter.

Seven-day mortality among AHF patients was the primary endpoint. Based on
the desired functionality of this MLA-as a clinical decision tool which physicians
might use when making clinical management and patient disposition decisions—it
was necessary to select a prediction time at which the majority of AHF patients
had not already been admitted or discharged from the ED. For the majority of
AHF patients with a documented disposition time in our dataset (77.5%), admission
or discharge occurred after 8h into the ED encounter. Therefore, the MLA was
designed to generate predictions 8 h after the start of the ED encounter, and all
patients with a documented disposition decision prior to 8 h were excluded from
analysis.

Algorithm scores were computed using patient demographics, clinical and laboratory
measurements, and medical history extracted from the EHR (Supplementary Table 2).
Vital sign measurements were averaged across each hour to yield a single mean vital
sign measurement at each hour. The change in value between the hourly average vital
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sign measurements was also used as an input. If multiple tests were ordered for a given la-
boratory measure, the first laboratory value available was used as an input to the algo-
rithm. If a specific laboratory test was not performed for the patient, a null value was
reported and implicitly handled by the MLA. Inputs were selected based on prior research
on mortality in AHF were provided to the 33F XGBoost model during training, including
vital sign measurements, laboratory test results, medical history and basic demographic
information (Supplementary Table 2). Multiple individual features were derived from each
input based on the time of observation, or changes in the observation over time; each of
these individual features could then be used by XGBoost as part of classification.

Gold standard

Mortality was determined by the date of death associated with the unique patient iden-
tification codes linked to each patient encounter. If a patient had a death date within 7
days of the initial ED encounter, they were considered to have a mortality event and
were included in the positive class. Patients were included in the positive class only if
the death date occurred within the selected time window (7 days) for mortality predic-
tion. Patients with mortality dates later than the seven-day window were included in
the negative class, as they were still alive within the prediction window. Surviving pa-
tients with no documented mortality event were also included in the negative class.

Machine learning models

Models 33F and Top5F were created using gradient boosting implemented in the
XGBoost method in Python [32]. Using this method, results were combined from various
decision trees to generate prediction scores. The patient population was split into succes-
sively smaller groups within each decision tree, and each tree branch divided patients who
entered it into one of two groups according to their covariate value and whether this value
fell above or below a determined threshold. The decision tree ended in a set of “leaves”
with each AHF patient encounter represented in exactly one leaf. Each patient in a certain
“leaf” was predicted to have the same risk of mortality. For comparison, logistic regression
and decision tree classifiers were also trained and tested, in order to evaluate the relative
utility of the more structurally complex models 33F and Top5F.

A 70:30 training and test split was used to train and evaluate each model’s performance.
70% of AHF patient encounters were randomly selected to train the models, and the
remaining 30% were used as a hold-out test set to generate model predictions. We
emphasize that, during the training process, XGBoost was not required to use all of the in-
put features in order to make a mortality prediction. Instead, the model could select the
subset of features that enabled it to most accurately make classifications based on the train-
ing data. Ultimately, this resulted in 33 features being used for the 33F model, despite many
more inputs being available, as described in the Data Processing subsection and Supplemen-
tary Table 1. The five features with the highest absolute SHAP values for the 33F model
were then selected as the input features for the Top5F model and the DT model.

Separately for models 33F and Top5F, a 5-fold cross-validation grid search was con-
ducted on the training set for the purposes of hyperparameter optimization. The opti-
mizations of the hyperparameters for the 33F and Top5F XGBoost models were
confirmed by evaluating the AUROC for different combinations of hyperparameters
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included in the grid search, as demonstrated in Supplementary Table 3. Optimized
hyperparameters included maximum tree depth, L1 regularization term (lambda), L2
regularization term (alpha), scale positive weight and number of estimators. By restrict-
ing the tree depth to a maximum of 3 branching levels and using a relatively high
lambda regularization term we were able to prevent overfitting and increase sensitivity.
We also included a constant hyperparameter for the early stopping of the iterative tree-
addition procedure, with a value of 5. The only hyperparameter of the DT model that
was optimized through a 5-fold cross-validation grid search was the maximum tree
depth. The final optimized hyperparameter for the model based on the grid search was
9 for the maximum tree depth. Due to the imbalance of the two classes, the scale posi-
tive weight hyperparameter was of particular importance as it determines the rate at
which the minority class is oversampled during training. This ensures that as much in-
formation as possible is learned about the positive class during training.

For the logistic regression model, first, missing values had to be handled with various
imputation strategies. Missing vital signs measurements were imputed using forward
filling and backward filling. Missing lab measurements were imputed using the mean
measurement of the lab feature from the training set. Then, a 5-fold cross-validation
grid search was conducted on the training set for hyperparameter optimization. The
only optimized hyperparameter was the strength of regularization. The final optimized
value was le-5. L2 regularization was used to help prevent overfitting.

After model training, performance was evaluated on a subset of the 30% test set. As a
defined list of inputs are required to calculate the EHMRG, evaluating the score’s per-
formance among patients without the required data available would unfairly disadvan-
tage the EHMRG in comparison to the MLAs. To enable a fair comparison between
the MLAs and the EHMRG, model performance was evaluated only on test-set patients
whose EHR data contained a value for each variable used to calculate the EHMRG, so
that the EHMRG could be calculated for all patients in the test-set. These patients
comprised 63.2% of the test set. The reported performance metrics are based on the
model performance on this subset of the test set. The chosen operating point or thresh-
old is the value above which a patient’s encounter was considered to be positive, or end
in the patient’s death (as defined in our gold standard), with performance measured by
AUROC. Sensitivity, specificity, positive and negative likelihood ratios, and the diagnos-
tic odds ratios were also evaluated at the clinical operating points for all models. A
SHAP (SHapley Additive exPlanations) analysis [13] was performed to evaluate which
inputs were most important for the model in generating predictions. A SHAP analysis
examines the feature values for each element of the training dataset and evaluates the
way in which different values for different features affect the classification of the train-
ing examples. The SHAP plot ranks features by importance to model predictions, such
that the features which contribute the most to predictions are listed first.

Comparator

The EHMRG was selected as a comparator for the MLAs [16]. EHMRG also predicts
seven-day mortality in AHF patients presenting to the ED and was developed for a
comparable use case (i.e., risk stratification to inform hospitalization decisions and clin-
ical management of AHF patients presenting to the ED). In addition, the EHMRG has
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demonstrated strong discriminatory performance in multiple clinical settings [12, 26,
27, 57], such that it may reasonably be understood to represent the standard of care in
mortality prediction for AHF patients in the ED. The following inputs for EHMRG were
available within our dataset, and were fed into the comparator model: age, initial systolic
blood pressure (SBP), initial heart rate (HR), initial peripheral oxygen saturation (SpO2),
first potassium measurement, first creatinine measurement, highest troponin measure-
ment and active cancer diagnosis. Home medication use and method of presentation to
the ED were not available in our dataset. Therefore, a complete EHMRG score using pre-
viously described thresholds for defining high risk of mortality could not be calculated. In-
stead, an adjusted EHMRG score was calculated using all available inputs and normalized.
To normalize the adjusted EHMRG scores, the maximum and minimum possible
EHMRG scores were calculated using the available variables and were then used to rescale
adjusted scores between 0 and 1. In order to provide the adjusted EHMRG with the best
chance of success in predicting mortality, a new operating point was selected to optimize
the adjusted EHMRG’s performance. The operating point on the ROC curve which maxi-
mized the square root of the product of true positive rate (sensitivity) and 1-false positive
rate (specificity) was selected, for the purpose of balancing demands for sensitivity and
specificity. Based on this choice, an adjusted EHMRG score of 49.79, which corresponds
to a scaled operating point of 0.364, was selected.

Supplementary Information
The online version contains supplementary material available at https://doi.org/10.1186/513040-021-00255-w.

Additional file 1: Fig. S1. Machine learning workflow. Table S1. Inputs used to train the machine learning
algorithm. Table S2. International Classification of Diseases, Tenth Revision (ICD-10) codes used to identify
emergency department encounters for acute heart failure. Table S3. Hyperparameter Optimization for the Top5F
and 33F models. For each model, the first row lists the values of the optimal hyperparameters selected during
model training. For each subsequent row, a single (bolded) hyperparameter is altered, and all other
hyperparameters are unchanged.

Acknowledgements
We gratefully acknowledge Megan Handley for assistance with editing this manuscript.

Authors’ contributions

RD, JC, and QM acquired the data and conceived of the initial project idea. JH, AR, AG, SG, NZ, and EP further
researched and refined the project design. AR and AG designed the software code and performed statistical analyses.
AR, AG, JC, NZ and EP provided major interpretation of the results. JH, JC, AR, AG, EP, and NZ drafted the initial
manuscript, and all other authors participated in a critical review and editing process. All authors are accountable for
their contributions, the accuracy and integrity of the work. All authors read and approved the final manuscript.

Funding
N/A

Availability of data and materials
Restrictions apply to the availability of the patient data which were used under license for the current study, and so
are not publicly available. The MLA code developed in this study is proprietary and not publicly available.

Declarations

Ethics approval and consent to participate

Data were collected passively and de-identified in compliance with the Health Insurance Portability and Accountability
Act (HIPAA). Since data were de-identified and collected retrospectively, this study was considered non-human sub-
jects research and did not require Institutional Review Board approval.

Consent for publication
Not applicable.

Competing interests
All authors who have affiliations listed with Dascena (Houston, Texas, U.S.A) are employees or contractors of Dascena.


https://doi.org/10.1186/s13040-021-00255-w

Radhachandran et al. BioData Mining (2021) 14:23

Received: 21 December 2020 Accepted: 21 March 2021
Published online: 31 March 2021

References

1.
2.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.
30.

Arrigo M, Jessup M, Mullens W, Reza N, Shah AM, Sliwa K, et al. Acute heart failure. Nat Rev Dis Primer. 2020,6(1):16.
Aspromonte N, Cruz DN, Valle R, Ronco C. Management and monitoring of haemodynamic complications in acute
heart failure. Heart Fail Rev. 2011;16(6):575-81. https://doi.org/10.1007/510741-011-9229-3.

Gheorghiade M, Pang PS. Acute heart failure syndromes. J Am Coll Cardiol. 2009;53(7):557-73. https.//doi.org/10.1016/j.
jacc.2008.10.041.

WRITING GROUP MEMBERS, Lloyd-Jones D, Adams RJ, Brown TM, Carnethon M, Dai S, et al. Heart disease and stroke
statistics--2010 update: a report from the American Heart Association. Circulation. 2010;121(7):e46-215.

Heidenreich PA, Albert NM, Allen LA, Bluemke DA, Butler J, Fonarow GC, et al. Forecasting the impact of heart failure in
the United States: a policy statement from the American Heart Association. Circ Heart Fail. 2013 May;6(3):606-19.
https://doi.org/10.1161/HHF.0b013e318291329.

Cheema B, Ambrosy AP, Kaplan RM, Senni M, Fonarow GC, Chioncel O, et al. Lessons learned in acute heart failure. Eur J
Heart Fail. 2018,20(4):630-41. https://doi.org/10.1002/ejhf.1042.

Nieminen MS, Brutsaert D, Dickstein K, Drexler H, Follath F, Harjola V-P, et al. EuroHeart failure survey Il (EHFS II): a survey
on hospitalized acute heart failure patients: description of population. Eur Heart J. 2006;27(22):2725-36. https.//doi.org/1
0.1093/eurheartj/ehl193.

Kemp CD, Conte JV. The pathophysiology of heart failure. Cardiovasc Pathol Off J Soc Cardiovasc Pathol. 2012;21(5):365—
71. https://doi.org/10.1016/j.carpath.2011.11.007.

Long B, Koyfman A, Gottlieb M. Diagnosis of acute heart failure in the emergency department: an evidence-based
review. West J Emerg Med. 2019,20(6):875-84. https.//doi.org/10.5811/westjem.2019.9.43732.

Passantino A, Monitillo F, lacoviello M, Scrutinio D. Predicting mortality in patients with acute heart failure: role of risk
scores. World J Cardiol. 2015;7(12):902-11. https://doi.org/10.4330/wjc.v7.i12.902.

Sinnenberg L, Givertz MM. Acute heart failure. Trends Cardiovasc Med. 2020;30(2):104-12. https://doi.org/10.1016/j.tcm.2
019.03.007.

Lee DS, Lee JS, Schull MJ, Borgundvaag B, Edmonds ML, Ivankovic M, et al. Prospective Validation of the Emergency
Heart Failure Mortality Risk Grade for Acute Heart Failure. Circulation. 2019;139(9):1146-56.

Lundberg SM, Lee S-. A unified approach to interpreting model predictions. In: Proceedings of the 31st International
Conference on Neural Information Processing Systems. Red Hook, NY, USA: Curran Associates Inc; 2017. p. 4768-77. (NIPS'17).
Llorens P, Javaloyes P, Martin-Sanchez FJ, Jacob J, Herrero-Puente P, Gil V, et al. Time trends in characteristics, clinical
course, and outcomes of 13,791 patients with acute heart failure. Clin Res Cardiol Off J Ger Card Soc. 2018 Oct;107(10):
897-913. https://doi.org/10.1007/500392-018-1261-z.

Chapman B, DeVore AD, Mentz RJ, Metra M. Clinical profiles in acute heart failure: an urgent need for a new approach.
ESC Heart Fail. 2019,6(3):464-74. https://doi.org/10.1002/ehf2.12439.

Lee DS, Stitt A, Austin PC, Stukel TA, Schull MJ, Chong A, et al. Prediction of heart failure mortality in emergent care: a
cohort study. Ann Intern Med. 2012;156(11):767-75 W-261, W-262.

Wehbe RM, Khan SS, Shah SJ, Ahmad FS. Predicting high-risk patients and high-risk outcomes in heart failure. Heart Fail
Clin. 2020;16(4):387-407. https://doi.org/10.1016/j.hfc.2020.05.002.

Kagiyama N, Shrestha S, Farjo PD, Sengupta PP. Artificial Intelligence: Practical Primer for Clinical Research in
Cardiovascular Disease. J Am Heart Assoc. 2019,8(17).e012788.

Callahan A, Shah NH. Chapter 19 - Machine Learning in Healthcare. In: Sheikh A, Cresswell KM, Wright A, Bates DW,
editors. Key Advances in Clinical Informatics [Internet]: Academic Press; 2017. p. 279-91. [cited 2020 Nov 11]. Available
from: http://www.sciencedirect.com/science/article/pii/B9780128095232000194.

Weng SF, Reps J, Kai J, Garibaldi JM, Qureshi N. Can machine-learning improve cardiovascular risk prediction using
routine clinical data? PLoS One. 2017;12(4):e0174944. https://doi.org/10.1371/journal.pone.0174944.

Benedetto U, Dimagli A, Sinha S, Cocomello L, Gibbison B, Caputo M, et al. Machine learning improves mortality risk
prediction after cardiac surgery: systematic review and meta-analysis. J Thorac Cardiovasc Surg. 2020.

Motwani M, Dey D, Berman DS, Germano G, Achenbach S, Al-Mallah MH, et al. Machine learning for prediction of all-
cause mortality in patients with suspected coronary artery disease: a 5-year multicentre prospective registry analysis. Eur
Heart J. 2017;38(7):500-7. https://doi.org/10.1093/eurheartj/ehw188.

Kwon J-M, Kim K-H, Jeon K-H, Lee SE, Lee H-Y, Cho H-J, et al. Artificial intelligence algorithm for predicting mortality of
patients with acute heart failure. PLoS One. 2019;14(7):e0219302. https://doi.org/10.1371/journal.pone.0219302.
Panahiazar M, Taslimitehrani V, Pereira N, Pathak J. Using EHRs and machine learning for heart failure survival analysis.
Stud Health Technol Inform. 2015,216:40-4.

Lloyd-Jones DM. Cardiovascular risk prediction: basic concepts, current status, and future directions. Circulation. 2010;
121(15):1768-77. https://doi.org/10.1161/CIRCULATIONAHA.109.849166.

Garcia-Gutierrez S, Quintana JM, Anton-Ladislao A, Gallardo MS, Pulido E, Rilo |, et al. Creation and validation of the
acute heart failure risk score: AHFRS. Intern Emerg Med. 2017;12(8):1197-206. https://doi.org/10.1007/511739-016-1541-4.
Gil V, Miré O, Schull MJ, Llorens P, Herrero-Puente P, Jacob J, et al. Emergency heart failure mortality risk grade score
performance for 7-day mortality prediction in patients with heart failure attended at the emergency department:
validation in a Spanish cohort. Eur J Emerg Med Off J Eur Soc Emerg Med. 2018,25(3):169-77. https://doi.org/10.1097/
MEJ.0000000000000422.

Tomasev N, Glorot X, Rae JW, Zielinski M, Askham H, Saraiva A, et al. A clinically applicable approach to continuous
prediction of future acute kidney injury. Nature. 2019,572(7767):116-9. https://doi.org/10.1038/541586-019-1390-1.
Guyon |, Elisseeff A. An introduction to variable and feature selection. J Mach Learn Res. 2003;3(Mar):1157-82.

Desautels T, Calvert J, Hoffman J, Jay M, Kerem Y, Shieh L, et al. Prediction of sepsis in the intensive care unit with
minimal electronic health record data: a machine learning approach. JMIR Med Inform. 2016;4(3):e28. https://doi.org/1
0.2196/medinform.5909.

Page 14 of 15


https://doi.org/10.1007/s10741-011-9229-3
https://doi.org/10.1016/j.jacc.2008.10.041
https://doi.org/10.1016/j.jacc.2008.10.041
https://doi.org/10.1161/HHF.0b013e318291329a
https://doi.org/10.1002/ejhf.1042
https://doi.org/10.1093/eurheartj/ehl193
https://doi.org/10.1093/eurheartj/ehl193
https://doi.org/10.1016/j.carpath.2011.11.007
https://doi.org/10.5811/westjem.2019.9.43732
https://doi.org/10.4330/wjc.v7.i12.902
https://doi.org/10.1016/j.tcm.2019.03.007
https://doi.org/10.1016/j.tcm.2019.03.007
https://doi.org/10.1007/s00392-018-1261-z
https://doi.org/10.1002/ehf2.12439
https://doi.org/10.1016/j.hfc.2020.05.002
http://www.sciencedirect.com/science/article/pii/B9780128095232000194
https://doi.org/10.1371/journal.pone.0174944
https://doi.org/10.1093/eurheartj/ehw188
https://doi.org/10.1371/journal.pone.0219302
https://doi.org/10.1161/CIRCULATIONAHA.109.849166
https://doi.org/10.1007/s11739-016-1541-4
https://doi.org/10.1097/MEJ.0000000000000422
https://doi.org/10.1097/MEJ.0000000000000422
https://doi.org/10.1038/s41586-019-1390-1
https://doi.org/10.2196/medinform.5909
https://doi.org/10.2196/medinform.5909

Radhachandran et al. BioData Mining (2021) 14:23

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51,

52.

53.

54.

55.

56.

57.

Yan L, Zhang HT, Goncalves J, Xiao Y, Wang M, Guo Y, et al. An interpretable mortality prediction model for COVID-19
patients. Nature Machine Intelligence. 2020;14:1-6.

Chen T, Guestrin C. XGBoost: A Scalable Tree Boosting System. Proc 22nd ACM SIGKDD Int Conf Know! Discov Data Min.

2016:785-94.

Steele AJ, Denaxas SC, Shah AD, Hemingway H, Luscombe NM. Machine learning models in electronic health records
can outperform conventional survival models for predicting patient mortality in coronary artery disease. PLoS One.
2018;13(8):0202344. https://doi.org/10.1371/journal.pone.0202344.

Austin PC, Lee DS, Steyerberg EW, Tu JV. Regression trees for predicting mortality in patients with cardiovascular
disease: what improvement is achieved by using ensemble-based methods? Biom J Biom Z. 2012;54(5):657-73. https://
doi.org/10.1002/bimj.201100251.

Austin PC, Lee DS. Boosted classification trees result in minor to modest improvement in the accuracy in classifying
cardiovascular outcomes compared to conventional classification trees. Am J Cardiovasc Dis. 2011;1(1):1-15.

Jing L, Ulloa Cerna AE, Good CW, Sauers NM, Schneider G, Hartzel DN, et al. A machine learning approach to
management of heart failure populations. JACC Heart Fail. 2020;8(7):578-87. https://doi.org/10.1016/}jchf.2020.01.012.
Siniorakis E, Arvanitakis S, Tsitsimpikou C, Tsarouhas K, Tzevelekos P, Panta S, et al. Acute heart failure in the emergency
department: respiratory rate as a risk predictor. In Vivo. 2018;32(4):921-5. https://doi.org/10.21873/invivo.11330.
Kurmani S, Squire I. Acute heart failure: definition, classification and epidemiology. Curr Heart Fail Rep. 2017;14(5):385-
92. https://doi.org/10.1007/511897-017-0351-y.

Collins SP, Pang PS. ACUTE heart failure risk stratification: a step closer to the holy grail? Circulation. 2019;139(9):1157-
61. https://doi.org/10.1161/CIRCULATIONAHA.118.038472.

Nieminen MS, Bohm M, Cowie MR, Drexler H, Filippatos GS, Jondeau G, et al. Executive summary of the guidelines on
the diagnosis and treatment of acute heart failure: the task force on acute heart failure of the European Society of
Cardiology. Eur Heart J. 2005;26(4):384-416.

Pocock SJ, Ariti CA, McMurray JJV, Maggioni A, Keber L, Squire IB, et al. Predicting survival in heart failure: a risk score
based on 39 372 patients from 30 studies. Eur Heart J. 2013;34(19):1404-13. https://doi.org/10.1093/eurheartj/ehs337.
Eichler K, Zoller M, Tschudi P, Steurer J. Barriers to apply cardiovascular prediction rules in primary care: a postal survey.
BMC Fam Pract. 2007;8(1):1. https://doi.org/10.1186/1471-2296-8-1.

Wu J, Roy J, Stewart WF. Prediction modeling using EHR data: challenges, strategies, and a comparison of machine
learning approaches. Med Care. 2010;48(6 Suppl):S106-13. https://doi.org/10.1097/MLR.0b013e3181de%e17.

Essay P, Balkan B, Subbian V. Decompensation in critical care: early prediction of acute heart failure onset. JMIR Med
Inform. 2020;8(8):e19892. https.//doi.org/10.2196/19892.

Mortazavi BJ, Downing NS, Bucholz EM, Dharmarajan K, Manhapra A, Li S-X, et al. Analysis of machine learning
techniques for heart failure readmissions. Circ Cardiovasc Qual Outcomes. 2016;9(6):629-40. https://doi.org/10.1161/
CIRCOUTCOMES.116.003039.

Frizzell JD, Liang L, Schulte PJ, Yancy CW, Heidenreich PA, Hernandez AF, et al. Prediction of 30-Day All-Cause
Readmissions in Patients Hospitalized for Heart Failure: Comparison of Machine Learning and Other Statistical
Approaches. JAMA Cardiol. 2017;2(2):204-9.

Adler ED, Voors AA, Klein L, Macheret F, Braun OO, Urey MA, et al. Improving risk prediction in heart failure using
machine learning. Eur J Heart Fail. 2020;22(1):139-47. https://doi.org/10.1002/ejhf.1628.

Awan SE, Bennamoun M, Sohel F, Sanfilippo FM, Dwivedi G. Machine learning-based prediction of heart failure
readmission or death: implications of choosing the right model and the right metrics. ESC Heart Fail. 2019;6(2):428-35.
https://doi.org/10.1002/ehf2.12419.

Eapen ZJ, Liang L, Fonarow GC, Heidenreich PA, Curtis LH, Peterson ED, et al. Validated, electronic health record
deployable prediction models for assessing patient risk of 30-day rehospitalization and mortality in older heart failure
patients. JACC Heart Fail. 2013;1(3):245-51. https;//doi.org/10.1016/j.,jchf.2013.01.008.

Tse G, Zhou J, Woo SWD, Ko CH, Lai RWC, Liu T, et al. Multi-modality machine learning approach for risk stratification in
heart failure with left ventricular ejection fraction < 45. ESC Heart Fail. 2020.

Di Tanna GL, Wirtz H, Burrows KL, Globe G. Evaluating risk prediction models for adults with heart failure: A systematic
literature review. PLoS ONE [Internet]. 2020;15(1) [cited 2020 Nov 13]. Available from: https://www.ncbi.nlm.nih.gov/
pmc/articles/PMC6961879/.

Nakajima K, Nakata T, Doi T, Tada H, Maruyama K. Machine learning-based risk model using 1231-
metaiodobenzylguanidine to differentially predict modes of cardiac death in heart failure. J Nucl Cardiol Off Publ Am
Soc Nucl Cardiol. 2020.

Khanam SS, Son J-W, Lee J-W, Youn YJ, Yoon J, Lee S-H, et al. Prognostic value of short-term follow-up BNP in hospitalized
patients with heart failure. BMC Cardiovasc Disord. 2017;17(1):215. https://doi.org/10.1186/512872-017-0632-0.

Yoshioka K, Matsue Y, Okumura T, Kida K, Oishi S, Akiyama E, et al. Impact of brain natriuretic peptide reduction on the
worsening renal function in patients with acute heart failure. PLoS One. 2020;15(6):e0235493. https://doi.org/10.1371/
journal.pone.0235493.

Fonarow GC, Peacock WF, Phillips CO, Givertz MM, Lopatin M. ADHERE scientific advisory committee and investigators.
Admission B-type natriuretic peptide levels and in-hospital mortality in acute decompensated heart failure. J Am Coll
Cardiol. 2007;49(19):1943-50. https://doi.org/10.1016/j,jacc.2007.02.037.

Januzzi JL, Sakhuja R, O'donoghue M, Baggish AL, Anwaruddin S, Chae CU, et al. Utility of amino-terminal pro-brain
natriuretic peptide testing for prediction of 1-year mortality in patients with dyspnea treated in the emergency
department. Arch Intern Med. 2006;166(3):315-20. https://doi.org/10.1001/archinte.166.3.315.

Sepehrvand N, Youngson E, Bakal JA, McAlister FA, Rowe BH, Ezekowitz JA. External validation and refinement of
emergency heart failure mortality risk grade risk model in patients with heart failure in the emergency department. CJC
Open. 2019;1(3):123-30. https://doi.org/10.1016/j.cjco.2019.03.003.

Publisher’'s Note

Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

Page 15 of 15


https://doi.org/10.1371/journal.pone.0202344
https://doi.org/10.1002/bimj.201100251
https://doi.org/10.1002/bimj.201100251
https://doi.org/10.1016/j.jchf.2020.01.012
https://doi.org/10.21873/invivo.11330
https://doi.org/10.1007/s11897-017-0351-y
https://doi.org/10.1161/CIRCULATIONAHA.118.038472
https://doi.org/10.1093/eurheartj/ehs337
https://doi.org/10.1186/1471-2296-8-1
https://doi.org/10.1097/MLR.0b013e3181de9e17
https://doi.org/10.2196/19892
https://doi.org/10.1161/CIRCOUTCOMES.116.003039
https://doi.org/10.1161/CIRCOUTCOMES.116.003039
https://doi.org/10.1002/ejhf.1628
https://doi.org/10.1002/ehf2.12419
https://doi.org/10.1016/j.jchf.2013.01.008
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6961879/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6961879/
https://doi.org/10.1186/s12872-017-0632-0
https://doi.org/10.1371/journal.pone.0235493
https://doi.org/10.1371/journal.pone.0235493
https://doi.org/10.1016/j.jacc.2007.02.037
https://doi.org/10.1001/archinte.166.3.315
https://doi.org/10.1016/j.cjco.2019.03.003

	Abstract
	Background
	Results
	Conclusions

	Introduction
	Results
	Discussion
	Key findings
	Justification for model architectures
	Providing context: alternative risk scores and prediction systems
	Limitations

	Conclusions
	Materials and methods
	Data processing
	Gold standard
	Machine learning models
	Comparator

	Supplementary Information
	Acknowledgements
	Authors’ contributions
	Funding
	Availability of data and materials
	Declarations
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	References
	Publisher’s Note

