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BACKGROUND: Mortality prediction in critically ill patients with cardiogenic shock can guide triage and selection of potentially
high-risk treatment options.

METHODS AND RESULTS: We developed and externally validated a checklist risk score to predict in-hospital mortality among
adults admitted to the cardiac intensive care unit with Society for Cardiovascular Angiography & Interventions Shock Stage
C or greater cardiogenic shock using 2 real-world data sets and Risk-Calibrated Super-sparse Linear Integer Modeling
(RiskSLIM). We compared this model to those developed using conventional penalized logistic regression and published car-
diogenic shock and intensive care unit mortality prediction models. There were 8815 patients in our training cohort (in-hospital
mortality 13.4%) and 2237 patients in our validation cohort (in-hospital mortality 22.8%), and there were 39 candidate predictor
variables. The final risk score (termed BOS,MA,) included maximum blood urea nitrogen >25mg/dL, minimum oxygen satura-
tion <88%, minimum systolic blood pressure <80mmHg, use of mechanical ventilation, age >60years, and maximum anion
gap >14mmol/L, based on values recorded during the first 24 hours of intensive care unit stay. Predicted in-hospital mortality
ranged from 0.5% for a score of 0 to 70.2% for a score of 6. The area under the receiver operating curve was 0.83 (0.82-0.84)
in training and 0.76 (0.73-0.78) in validation, and the expected calibration error was 0.9% in training and 2.6% in validation.

CONCLUSIONS: Developed using a novel machine learning method and the largest cardiogenic shock cohorts among pub-
lished models, BOS,MA, is a simple, clinically interpretable risk score that has improved performance compared with existing
cardiogenic-shock risk scores and better calibration than general intensive care unit risk scores.
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fewer than 70% of patients surviving to hospital

discharge."? Randomized trials have largely been
unsuccessful in identifying strategies to improve mor-
tality for patients with cardiogenic shock,° aside from
culprit-vessel revascularization for myocardial infarction
(MI).2 Nevertheless, a spectrum of treatment options ex-
ists, ranging from emergent mechanical circulatory sup-
port to palliation.” The variation in outcomes for patients
with cardiogenic shock may partly stem from differences

Mortality for cardiogenic shock remains high, with

in ilness severity." In this setting, tools to stratify patients
with cardiogenic shock can provide important prognos-
tic information and guide the appropriate triage and se-
lection of therapies.

The Society for Cardiovascular Angiography &
Interventions (SCAI) Shock Stage classification system
was developed to indicate cardiogenic shock severity®
but represents only 1 component of cardiogenic shock
mortality risk prediction and must be used in concert
with tools to account for risk modifiers in cardiogenic
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CLINICAL PERSPECTIVE

What Is New?

e Developed using 2 large real-world data sets
(n=8815 for training, n=2237 for validation) and
a machine learning method, the 6-component
BOS,MA, (blood urea nitrogen >25 mg/dL,
minimum oxygen saturation <88 %, minimum
systolic blood pressure <80mm Hg, use of
mechanical ventilation, age =>60years, and
maximum anion gap) checklist risk score has
improved performance compared with existing
models for predicting mortality in patients with
cardiogenic shock in the cardiac intensive care
unit.

What Are the Clinical Implications?

e The BOS,MA, risk score is a simple, clinically
interpretable risk score that can guide clinical
decision-making at the bedside for patients with
cardiogenic shock in the cardiac intensive care
unit.

e This score can be used to assess the impact of
treatment strategies on expected mortality, can
enable the design of future clinical trials with
more homogenous populations, and can serve
as a model for developing future risk scores in
cardiology.

Nonstandard Abbreviations and Acronyms

CICU cardiac intensive care unit

ECE expected calibration error

PLR penalized logistic regression
RiskSLIM Risk-calibrated Super-sparse Linear

Integer Model

shock evaluation and prognostication.® Generic mod-
els for predicting mortality in the intensive care unit
(ICU) are ill suited to predicting mortality in the car-
diogenic shock population,’® as they were developed
using large heterogeneous ICU patient populations.'
Conversely, models to predict mortality specifically
for patients with cardiogenic shock are derived from
small observational or clinical trial data sets with
strict exclusion criteria, which limit their accuracy and
generalizability.-17

To address this knowledge gap, we developed and
validated a specialized risk score to predict mortality
among patients with cardiogenic shock in the cardiac
intensive care unit (CICU). We leveraged 2 large real-
world databases and a machine learning method de-
veloped to fit simple additive risk scores.'® Such a risk
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score can quickly be calculated at the bedside and
inform shared decision-making regarding treatment
options for critically ill patients.

METHODS

Data Sources

We developed and validated our model using inde-
pendent data sets from 2 publicly available clinical
data repositories. Our training data set was derived
from the Philips electronic ICU (elCU) database (elCU-
CRD v2.0), which is composed of 200859 patient
encounters for 139367 unique patients admitted be-
tween 2014 and 2015 in 1 of 335 units in 208 hospitals
located throughout the United States.!'® Our validation
data set was derived from Medical Information Mart
for Intensive Care lll (MIMIC-IIl), which is composed
of 61532 adult hospital admissions for 53423 distinct
patients admitted to critical care units between 2001
and 2012 at Beth Israel Deaconess Medical Center.°
Because of the sensitive nature of the data collected
for this study, access to these data sets by qualified
researchers trained in human subject confidentiality
protocols may be obtained by following policies listed
on PhysioNet (https:/physionet.org/about/database/).
Methods to replicate the findings of this study are avail-
able from the corresponding author upon reasonable
request.

The use of the elCU data set for this study with
waiver of informed consent was exempt from institu-
tional review board approval, and the use of the MIMIC-
Il with waiver of informed consent was approved by
the institutional review board of the Massachusetts
Institute of Technology and Beth Israel Deaconess
Medical Center.

All data extraction and analyses were conducted
using the cloud platform Google BigQuery, Python
version 3.7, and R version 4.0.3.

Inclusion Criteria

We included all adult patients (age >18years) admitted
to a CICU who met the criteria for SCAl Shock Stage
C or greater upon admission.2 The SCAI Shock stag-
ing system was designed partly to enable the inclusion
of a more homogeneous set of patients for enroliment
in clinical trials and retrospective studies.?'-?* We in-
cluded patients with SCAI Shock C or higher as those
are categories representing patients with overt mani-
festations signs of shock.? Specifically, to be classified
as SCAI Shock C, patients were required to have evi-
dence of hypoperfusion, defined as a doubling of cre-
atinine within 24 hours, blood lactate level >2.0mmol/L,
or the use of vasoactive medications. Our approach
was similar to the operationalization of the SCAI Shock
classification scheme in other real-world data sets that


https://physionet.org/about/database/
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included all patients admitted to CICUs regardless of
admission diagnosis.?':?*

Variables

The outcome of interest was in-hospital mortality. We
considered 39 distinct variables present in both data
sets for potential inclusion in our risk model, includ-
ing demographics (age, sex), an array of comorbidities,
vital signs within the first 24 hours (heart rate, systolic
blood pressure, respiratory rate, oxygen saturation),
laboratory values within the first 24 hours of ICU ad-
mission (anion gap, bicarbonate, chloride, glucose,
hematocrit/hemoglobin, platelets, potassium, interna-
tional normalized ratio, sodium, creatinine, blood urea
nitrogen, white blood cell count, and red cell distribu-
tion width), and use of critical care therapies (renal re-
placement therapy, mechanical ventilation, intra-aortic
balloon pump, and vasopressors). All variables were
directly extracted from the databases except for co-
morbidities, for which International Classification of
Diseases, Ninth Revision (ICD-9) codes were mapped
to comorbidities based on the Clinical Classifications
Software categories.

As laboratory results and vital signs were recorded
multiple times in the first 24 hours, we considered their
minimum and maximum values as potential features in
our model. We also evaluated various cutoffs for the
dichotomization of quantitative variables as distinct
features for our model.

All candidate variables had <25% missing values,
and simple imputation using predictive mean matching
was applied independently to the training and valida-
tion data sets. A complete list of all variables available
in both data sets and their corresponding missingness
is available (Table S1).

We compared the baseline characteristics of our
patient population according to the outcome of inter-
est using standardized differences, with a threshold of
at least 10% used to define a meaningful difference.?®

Statistical Analysis and Model
Development

We built our risk score using Risk-Calibrated Super-
sparse Linear Integer Model (RiskSLIM),'® a machine
learning method designed to fit simple customized risk
scores optimized to yield calibrated risk estimates with
few terms and small integer coefficients that have been
used in clinical applications.?6:2"

Risk-Calibrated Super-sparse Linear
Integer Modeling

RiskSLIM uses modern optimization techniques to
fit the best logistic regression model with small inte-
ger weights and a limited number of risk factors.?®2°
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Compared with models developed heuristically, this
technique can fit risk scores with better risk calibra-
tion and area under the receiver operating curve (AUC)
by combining logistic regression with feature selection
and continuous variable dichotomization techniques in
a single step. In this application, the model was con-
strained to use unit weights to allow for quick compu-
tation at the bedside as a checklist.

Comparator Methods

We compared the results of the RiskSLIM models to
those developed using conventional penalized logistic
regression (PLR) to evaluate the potential loss in ac-
curacy due to feature selection and the use of integer
coefficients.

Training Procedure

We trained all models using the elCU data set because
it includes patients from a more heterogenous popula-
tion (ie, across 208 hospitals)®® and used the MIMIC
data set for validation. We evaluated the performance
of each model internally using 5-fold cross-validation.
Platt scaling was employed in the final model to im-
prove the reliability of estimates.

Performance Evaluation

We evaluated all models by rank accuracy and risk
calibration.®” We assessed rank accuracy via AUC.
We assessed risk calibration by constructing a reli-
ability diagram plotting the observed mortality com-
pared with the predicted mortality and by reporting
the expected calibration error (ECE), which reflects
how close the predicted mortality risk is to the actual
mortality risk.

Comparison to Other Risk Scores

We compared the performance of our RiskSLIM model
to that of other published risk scores in our cohorts by
comparing the AUC and ECE. We calculated 2 generic
ICU scores, the Sequential Organ Failure Assessment
score and Oxford Acute Severity of lliness Score,
and the cardiogenic shock-specific CardShock score
among all patients with available data. All were com-
puted using data from the first 24 hours of admission.

Supplemental Analysis

To assess the effect of the potential inclusion of a het-
erogeneous patient population in our cohort, we evalu-
ated the final trained model on various subgroups of
the validation set. The 4 subgroups were as follows:
patients with a cardiovascular primary ICU admission
diagnosis (cardiogenic shock, heart failure, angina,
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and M), patients without a cardiovascular primary ICU
admission diagnosis, the presence of Ml necessitating
acute coronary revascularization (percutaneous coro-
nary intervention or coronary artery bypass grafting
during hospitalization), and the absence of Ml neces-
sitating acute coronary revascularization. Admission
diagnoses in the MIMIC-IIl were assigned by clinicians
and stored as free text.

Primary admission diagnosis was not used to de-
fine our study cohort, given that this was not included
in prior operationalizations of the SCAI Shock classifi-
cation scheme in real-world data sets. In addition, ad-
mission diagnoses in elCU and MIMIC are recorded
inconsistently. Using them would limit our model’s ap-
plicability due to the inconsistent capture and accuracy
of admission diagnoses in those 2 databases.

Key reporting elements for machine learning analy-
ses in clinical research are summarized in a standard-
ized format in Table S2.%2

RESULTS

Patient Characteristics
elCU Cohort

Of 29626 patients admitted to a CICU in the elCU
database, 8815 (29.8%) met our inclusion criteria
for our final training cohort (Figure 1). The overall in-
hospital mortality rate in the elCU cohort was 13.5%
(Table 1).

Patients with in-hospital mortality were more likely
to be older (68 versus 64years) and to have atrial
fibrillation (19% versus 14%), solid neoplasm (16% ver-
sus 12%), congestive heart failure (27% versus 22%),
chronic kidney disease (24% versus 17%), chronic
obstructive pulmonary disease (22% versus 16%), or
metastatic cancer (3% versus 1%). Additionally, pa-
tients with in-hospital mortality were more likely to be
mechanically ventilated (57% versus 28%).

On average, patients with in-hospital mortality had a
higher maximum heart rate (130 bpm versus 113 bpm),
lower minimum systolic blood pressure (71 mmHg ver-
sus 88mmHg), higher maximum respiratory rate (36/
min versus 32/min), and lower minimum oxygen sat-
uration (69% versus 86%) despite the use of all avail-
able therapies over the first 24 hours of CICU stay. On
average, patients with in-hospital mortality were also
more likely to have hyperglycemia (average minimum
glucose 129 versus 118), higher maximum anion gap
(18 versus 13), lower minimum bicarbonate (19 ver-
sus 23), higher maximum potassium (5.0 versus 4.6),
higher maximum international normalized ratio (2.1 ver-
sus 1.5), higher maximum blood urea nitrogen (44 ver-
sus 30), and higher maximum white blood cell count
(19000 versus 14000), and were more likely to have
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a 50% increase in creatinine (34% versus 19%) in the
first 24 hours.

MIMIC Cohort

Of the 6802 patients admitted to a CICU in the MIMIC
database, 2237 (32.9%) met the inclusion criteria and
were included in the final validation cohort (Figure 1).
The overall in-hospital mortality rate in the MIMIC co-
hort was 22.8% (Table S3).

Cardiogenic Shock Risk Score

After fitting several models using RiskSLIM for model
size constraints between 1 and 10 and comparing
performance on AUC and calibration (Figure S1), the
RiskSLIM model with 6 variables was chosen based
on both statistical performance and clinical interpret-
ability. For similar accuracy, the 6-variable model
had better calibration compared with the 4-, 5-, and
7-variable models.

In our final risk score, termed BOS,MA,, a patient
would receive a point for each of the following: max-
imum blood urea nitrogen >25mg/dL, minimum oxy-
gen saturation <88%, minimum systolic blood pressure
<80mmHg, any use of mechanical ventilation, age
>B0years, and maximum anion gap >14 mmol/L, based
on values recorded during the first 24 hours of ICU stay
(Figure 2). Predicted in-hospital mortality was 0.5% for
a score of 0, 1.4% for a score of 1, 3.9% for a score of
2, 10.0% for a score of 3, 23.5% for a score of 4, 46%
for a score of 5, and 70.2% for a score of 6. Patients
with all risk score values were well represented in both
the training and validation cohorts (Figure S2).

Model Validation

The AUC for the BOS,MA, risk score model was 0.83
(95% ClI, 0.82-0.84) in the training data set and 0.76
(95% Cl, 0.73-0.78) in the validation data set (Table 2;
Figure 3A). This was only slightly lower than the com-
parator full PLR model with 51 variables (0.80 [95%
Cl, 0.78-0.82]), though similar to a parsimonious PLR
model including only the same 6 variables in the risk
score (0.76 [95% Cl, 0.73-0.78]; Table S4). Subsequent
inclusion of the BOS,MA, risk score itself into compar-
ator full or parsimonious PLR models did not enhance
prediction over baseline clinical characteristics alone
(Table S4).

The calibration error for the BOS,MA, risk score
model was 0.9% in the training data set and 2.6% in
the validation data set (Table 2; Figure 3B). The cali-
bration error for the BOS,MA,, risk score model on the
validation data set was lower than both the full PLR
model and the parsimonious PLR model with the same
features (Table S4).



202 ‘2T aunr uo Aq Bio'sjeuinofeue//:dny wody pepeojumoq

Yamga et al

BOS,MA, Risk Score for Cardiogenic Shock in CICU

Initial patient population
(n = 36,428)

All cardiac ICU in the elCU
and MIMIC IIl database

in a cardiac ICU in the elCU
and MIMIC Ill database
defined as :

e Lactate = 2.0
* Creatinine doubling
* =1 Vasopressor

Training : Validation
cohort i  cohort
(elCU) ¢ (MIMIC)
n=29,626 * n=6802
Excluded readmissions
> (9.6%)
(n = 3,508)
v Tt 1 VETeED
Selecting patients with cohort ! cohort
cardiogenic shock SCAI C (elcu) : (MIMIC)
All cardiogenic °3143 i 365
shock admissions

Final patient population
(n =11, 052)

I . . g . 1 Z |- | I-
cohort cohort
(elCU) (MIMIC)
n=8815 n=2237

Figure 1. Study patient flow diagram.

elCU, indicates electronic intensive care unit; ICU, intensive care unit; MIMIC, Medical
Information Mart for Intensive Care; and SCAI C, Society for Cardiovascular Angiography &

Interventions Shock Stage C.

Comparison to Other Risk Scores

In our validation cohort, the AUC for the BOS,MA,
score (0.76 [95% CI, 0.73-0.78]) was greater than that
for the cardiogenic shock-specific CardShock score
(0.66 [95% ClI, 0.63-0.69]) and similar to general ICU
risk scores (Sequential Organ Failure Assessment 0.75
[95% CI, 0.73-0.78]; Oxford Acute Severity of lliness
Score 0.77 [95% Cl, 0.74-0.79]; Table 2). However, the
validation cohort ECE for the BOS,MA, score (2.6%)

J Am Heart Assoc. 2023;12:€029232. DOI: 10.1161/JAHA.122.029232

was lower than all other scores examined (CardShock
11.4%, Sequential Organ Failure Assessment 4.7%,
Oxford Acute Severity of lliness Score 4.1%).

Supplemental Analysis

There was no reduction in the model’s performance
among the validation cohort subgroups examined
(Table S5). Notably, among 305 patients with a car-
diovascular primary admission diagnosis in the MIMIC
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Table 1. Baseline Characteristics of elCU Cohort Stratified by Outcome

BOS,MA, Risk Score for Cardiogenic Shock in CICU

Survived to discharge

In-hospital mortality

J Am Heart Assoc. 2023;12:€029232. DOI: 10.1161/JAHA.122.029232

Standardized
(n=7627) (n=1188) difference
Demographics
Age, y, mean (SD) 63.69 (14.64) 67.80 (13.55) 0.291
Male sex (%) 4543 (59.6) 691 (58.2) 0.028
Comorbidities
Cerebral vascular disease (%) 830 (10.9) 152 (12.8) 0.059
Anemia (%) 40 (0.5) 11 (0.9 0.047
Atrial fibrillation (%) 1065 (14.0) 224 (18.9) 0132
Blood malignancy (%) 104 (1.4) 32 (2.7) 0.094
Solid neoplasm (%) 876 (11.5) 192 (16.2) 0.136
Congestive heart failure (%) 1703 (22.3) 323 (27.2) 0.113
Chronic kidney disease (%) 1302 (17.1) 282 (23.7) 0.166
Chronic obstructive pulmonary disease (%) 1192 (15.6) 266 (22.4) 0.173
Coronary artery disease (%) 2099 (27.5) 287 (24.2) 0.077
Diabetes (%) 2575 (33.8) 409 (34.4) 0.014
Valvulopathy (%) 824 (10.8) 98 (8.2) 0.087
Hypertension (%) 4778 (62.6) 718 (60.4) 0.045
Metastatic cancer (%) 92 (1.2) 33 (2.8) 0.118
Prior myocardial infarction (%) 1191 (15.6) 156 (13.1) 0.071
Cardiac ICU therapies
Renal replacement therapy(%) 375 (4.9) 84 (7.1) 0.091
Mechanical ventilation (%) 2099 (27.5) 672 (56.6) 0.616
Intra-aortic balloon pump (%) 363 (4.8) 80 (6.7) 0.085
>1 vasopressor (%) 6917 (90.7) 1040 (87.5) 0.101
>1 inotrope (%) 1156 (15.2) 201 (16.9) 0.048
Vital signs
Heart rate min, mean (SD) 63.19 (13.78) 59.85 (20.53) 0.191
Heart rate max, mean (SD) 11312 (25.30) 129.80 (27.79) 0.628
Systolic BP min, mean (SD) 88.12 (19.18) 70.67 (20.45) 0.880
Systolic BP max, mean (SD) 158.73 (27.69) 156.33 (33.45) 0.078
Respiratory rate min, mean (SD) 10.44 (4.93) 8.22 (7.22) 0.359
Respiratory rate max, mean (SD) 32.26 (9.37) 36.29 (9.69) 0.423
Oxygen saturation min, mean (SD) 86.31 (13.97) 69.23 (24.93) 0.845
Laboratory results
Glucose min, mean (SD) 117.98 (45.25) 128.73 (68.16) 0.186
Anion gap max, mean (SD) 12.89 (5.85) 17.87 (7.60) 0.734
Bicarbonate min, mean (SD) 22.58 (4.99) 18.97 (6.18) 0.642
Chloride max, mean (SD) 105.98 (6.39) 105.99 (7.92) 0.002
Hematocrit max, mean (SD) 3715 (6.50) 36.87 (7.41) 0.041
Hemoglobin min, mean (SD) 10.568 (2.37) 10.11 (2.57) 0.188
Platelet min, mean (SD) 181.49 (89.18) 173.15 (98.23) 0.089
Potassium max, mean (SD) 4.61 (0.81) 4.99 (1.00) 0.405
International normalized ratio max, mean (SD) 1.51 (0.88) 211 (1.71) 0.439
Sodium min (mean (SD)) 135.61 (5.17) 135.33 (6.09) 0.049
Blood urea nitrogen max, mean (SD) 29.70 (22.38) 4415 (28.00) 0.570
White blood cell max, mean (SD) 14.02 (9.10) 18.61 (16.95) 0.338
Red cell distribution width max, mean (SD) 15.32 (2.34) 16.60 (3.03) 0.472
Creatinine >1.5x baseline (%) 1439 (18.9) 409 (34.4) 0.358
(Continued)
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Table 1. Continued

BOS,MA, Risk Score for Cardiogenic Shock in CICU

Survived to discharge In-hospital mortality
Standardized
(n=7627) (n=1188) difference
Outcomes
ICU length of stay, d, mean (SD) 1.48 (2.09) 1.77 (2.25) 0.133
Hospital length of stay, d, mean (SD) 9.17 (9.68) 7.35 (8.85) 0.197
Time to death, d, mean (SD) - 5.39 (6.98) —

BP indicates blood pressure; and ICU, intensive care unit.

data set, the BOS,MA, risk score model had similar
discrimination (AUC 0.78 [95% ClI, 0.73-0.75]) and cali-
bration (ECE 1.05%) compared with when applied to
the entire validation cohort. Similarly, among 208 pa-
tients with cardiogenic shock associated with Ml ne-
cessitating acute coronary revascularization and 478
patients with cardiogenic shock without Ml necessitat-
ing acute coronary revascularization, the model’s per-
formance was comparable with an AUC of 0.83 (95%
Cl, 0.77-0.88) and 0.79 (95% ClI, 0.75-0.83), respec-
tively. Notably, the ECE of the BOS,MA, risk score was
significantly lower than that of the general CICU risk
scores in looking at these cardiovascular-specific sub-
groups (Table S6).

DISCUSSION

We developed and externally validated a checklist-
based risk score to predict mortality among patients
with cardiogenic shock admitted to the CICU using

a machine learning algorithm and distinct large real-
world training and validation data sets. The BOS,MA,
risk score is methodologically robust, generalizable,
and readily applicable at the bedside. In addition, this
clinical tool has direct practical implications for manag-
ing patients with cardiogenic shock.

The BOS,MA, risk score model outperforms exist-
ing cardiogenic shock and general ICU mortality risk
scores in predicting mortality among patients with car-
diogenic shock in the CICU. The BOS,MA, risk score
achieves higher discrimination in external validation
than the published CardShock, and IABP-SHOCK ||
(Intraaortic Balloon Pump in Cardiogenic Shock II) risk
score models (Table 3),'1173334 and performs better
than the CardShock score in our own external valida-
tion cohort (AUC 0.76 versus 0.66; ECE 2.6% versus
11.4%). Although general ICU risk scores can have
high AUCs in external validation in all-comer ICU co-
horts, they have similar discrimination as the BOS,MA,
risk score in our cardiogenic shock cohort, indicating

Variable
maximum BUN >25 mg/dL
minimum Oxygen saturation < 88%

Mechanical ventilation
Age> 60 years
maximum Anion gap >14 mmol/L

minimum Systolic blood pressure <80 mm Hg

SCORE 0 1 2 3

RISK 05% 14% 3.9%

10.0%

Points
1 +_
1 +_
1 +_
1 +_
1 +_
1 +_
Score =___
4 5 6
23.5% | 46.0% 70.2%

Figure 2. BOS,MA, risk score for cardiogenic shock mortality in the cardiac

intensive care unit.

A patient receives 1 point for meeting each of the criteria as specified in the risk score.
The BOS,MA, risk score is calculated by summing the number of points. The mortality
risk corresponds to the number of points in the reference table. BUN indicates blood urea
nitrogen. BOS,MA, risk score defined as maximum BUN >25mg/dL, minimum oxygen
saturation <88%, minimum systolic blood pressure <80mmHg, any use of mechanical
ventilation, age >60years, and maximum anion gap >14mmol/L.

J Am Heart Assoc. 2023;12:€029232. DOI: 10.1161/JAHA.122.029232
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Table 2. BOS,MA, Risk Score Model Performance Compared With Other Validated Risk Scores

Cohort elCU (training) MIMIC-III (validation)

Risk score AUC (95% CI)* ECE AUC (95% CI)* ECE
BOS,MA, 0.83(0.82-0.84) 0.9% 0.76 (0.73-0.78) 2.6%
CardShock scoref 0.66 (0.63-0.69) 11.4%
Sequential Organ Failure 0.76 (0.74-0.78) 6% 0.75 (0.73-0.78) 4.7%
Assessmentscore, day 1

OASIS score, day 1 0.77 (0.74-0.79) 4.1%

AUC indicates area under the curve; BOS,MA,, blood urea nitrogen >25mg/dL, minimum oxygen saturation <88%, minimum systolic blood pressure
<80mmHg, any use of mechanical ventilation, age >60years, and maximum anion gap >14mmol/L; ECE, expected calibration error; elCU, electronic intensive
care unit; MIMIC, Medical Information Mart for Intensive Care; and OASIS, Oxford Acute Severity of lliness Score.

Variables to calculate CardShock and OASIS scores not available in elCU (training) data set.

*95% Cl computed using the DelLong statistic.

fCalculated based on 1269 patients with complete information available for all variables.

the challenges of predicting mortality in this complex
cardiogenic shock population. Notably, the BOS,MA,
risk score model has better calibration than Sequential
Organ Failure Assessment score and Oxford Acute
Severity of liness Score in our validation cohort, partic-
ularly in looking at cardiovascular-specific subgroups,
such as those with MI necessitating acute coronary re-
vascularization. Calibration error in clinical populations
in which a score will be used is an important, yet often
overlooked, feature of risk score performance in cardi-
ology.®® Better calibration justifies using the BOS,MA,
score over general ICU mortality risk scores for pa-
tients in cardiogenic shock in the CICU.

The BOS,MA, risk score contains certain elements
present in other cardiogenic shock risk prediction
models but also includes unique features (Table 3). Age
has been consistently associated with an increased
risk of death in cardiogenic shock, though cutoffs vary
across studies.3-1736-3% Thg RiskSLIM method used
in our study enabled us to consider a range of cut-
offs simultaneously, and age over 60 was deemed the
most discriminant. Kidney dysfunction, as measured
by blood urea nitrogen in our study, is also predictive
of cardiogenic shock mortality in other studies in the
form of creatinine level'™>~"" or glomerular filtration rate."
Many existing models have also included systolic blood
pressure'®3” or other proxies for hypoperfusion, such
as lactate,'"'®1%36 altered mental status,''® and anion
gap.® This is consistent with our model, which also
includes both systolic blood pressure and an elevated
anion gap.

The BOS,MA, risk score includes 2 distinct mark-
ers of respiratory failure: mechanical ventilation and hy-
poxemia (SpO,<88%). Only 1 other model predicting
outcomes among cardiogenic shock patients included
respiratory failure. However, this model was built on a
more heterogenous population of patients admitted
to the CICU, and only 14% of patients in the develop-
ment cohort had shock.*® Most published cardiogenic
shock mortality risk scores did not consider mechan-
ical ventilation or oxygen saturation as candidate
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predictors during development, suggesting that respi-
ratory function may frequently be overlooked despite
the pathophysiologic mechanisms linking respiratory
and cardiac dysfunction in cardiogenic shock. The
use of large real-world data sets with a wide variety of
candidate input parameters enabled the detection of
respiratory function inputs as critical predictors of car-
diogenic shock mortality using the RiskSLIM method.

Our model has implications for the clinical care pa-
tients with cardiogenic shock and for designing future
clinically relevant risk scores. The BOS,MA, risk score
can quickly be calculated at the bedside as a checklist
of 6 objective variables that are often readily available,
making it easy to remember and implement in clinical
decision-making situations, such as while rounding on
patients in the CICU. Additionally, given that it was de-
rived from raw electronic health record data, this risk
score can easily be integrated in the electronic health
record to facilitate its adoption into clinical practice,
which has been an issue with adoption of other clin-
ical risk prediction tools.*" The prediction tool can be
used in conjunction with the SCAI Shock classification
system to help triage patients efficiently, obtain reliable
prognostic information, and guide clinical decision-
making for a challenging patient population for which a
myriad of potentially high-risk therapeutic options are
available.®® Additionally, this risk score can be used to
assess the impact of treatment strategies on expected
mortality and can enable the design of future clinical
trials with more homogenous populations. Our model
also has broader implications for the development of
risk scores in clinical cardiology. The machine learn-
ing algorithm used in this article can be used in other
clinical contexts. Our article thus serves as a model for
developing interpretable risk scores in cardiology using
the RiskSLIM methodology.

Our study has several key strengths. First, we used
2 large real-world cohorts (n=8815 for training, n=2237
for external validation), which are the largest cohorts of
patients used to develop a cardiogenic shock mortal-
ity prediction model to date. Other scores have mainly



202 ‘2T aunr uo Aq Bio'sjeuinofeue//:dny wody pepeojumoq

Yamga et al

A
100%

w/

80%

60%

40%

True Positive Rate

20% ’
0%
0% 20% 40% 60% 80% 100%

False Positive Rate

B
100%
80%
X
0
X 60%
o
(0]
2
3 40%
£
o)

20% /‘
y:
0% F
0% 20% 40% 60% 80% 100%

Predicted Risk

Figure 3. BOS,MA, risk score performance.

A, Receiver operating curve of BOS,MA, risk score model. B,
Calibration plot of BOS,MA, risk score model. BOS,MA, risk
score defined as maximum blood urea nitrogen >25mg/dL,
minimum oxygen saturation <88%, minimum systolic blood
pressure <80mmHg, any use of mechanical ventilation, age
>60years, and maximum anion gap >14mmol/L. Black=training
cohort, gray=5-fold cross validation, brown=validation cohort.

used much smaller cohorts derived from clinical trials
or with narrower inclusion criteria focusing on a sin-
gle cause of cardiogenic shock or specific mechani-
cal circulatory support,'*'3 which may have limited
generalizability when applied to real-world settings.
Second, we employed a machine learning algorithm
specifically designed to fit simple customized clinically
interpretable risk scores optimized to yield calibrated
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risk estimates. This is in stark contrast to other ma-
chine learning methods, which often offer only minor
improvements in calibration at the expense of clini-
cal interpretability when applied to generating clinical
risk scores, such as in the case of acute Ml mortality
prediction.*? In comparison to traditional logistic re-
gression methods, we found similar or improved per-
formance despite using only 6 terms as a checkilist,
which can aid in calculation at the bedside.

Our findings must be interpreted in the context
of their limitations. First, the in-hospital mortality ob-
served in our training cohort is lower than that ob-
served in our validation cohort, likely reflecting the
lower severity of patients in the CICUs represented in
the elCU cohort, which are primarily community hos-
pitals, relative to those in the singular large tertiary care
center represented by the MIMIC database. However,
the similar performance of our model across both co-
horts reflects the generalizability of our risk score and
substantiates its broad applicability across a range of
clinical settings. Second, although we included only
patients admitted to CICUs, it is possible that we have
included patients with septic or mixed shock in our
cohorts given that we did not consider admission
diagnosis in defining our primary cohort. However,
model performance was similar in subgroups of pa-
tients with a cardiovascular primary ICU admission
diagnosis and with cardiogenic shock with M| neces-
sitating acute revascularization. This suggests that
inclusion of such patients was unlikely to affect our
results and that our model is valid in these subpopu-
lations. Third, we may not have captured all patients
in our real-world data sets meeting the SCAl Shock
C classification criteria due to missing data. However,
the mortality rate in our validation cohort was similar
to that in another real-world tertiary care center co-
hort that operationalized the SCAI shock classification
criteria,?* suggesting that the population of patients
included in our study likely reflects the true population
of patients with cardiogenic shock in CICUs. Fourth,
several clinically relevant variables in other risk scores
were unavailable in our data set due to inconsistent
capture. Specifically, the presence of mechanical
circulatory support beyond the intra-aortic balloon
pump was not documented accurately in the elCU
database and was likely rare, given that elCU hospi-
tals were primarily community hospitals. However, we
included a comprehensive range of other candidate
variables, which captured similar clinical constructs
(such as the use of anion gap in place of blood lac-
tate), and our model performance exceeded that of
other published models. Fifth, our model is developed
based on data from the first 24 hours of CICU ad-
mission only. Although other variables may be more
critical for prognosis at other time points in a patient’s
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Table 3. Comparison of Established Cardiogenic Shock Risk Scores

BOS,MA, Risk Score for Cardiogenic Shock in CICU
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BOS,MA, CardShock SHOCK trial
score score' IABP-SHOCK II'” registry'®

Training cohort sample size 8815 219 480 1217
Validation cohort sample size 2237 384 235 None
Validation External External External None
Area under the curve internal, (external) 0.83 (0.76) 0.85 (0.71) 0.79 (0.73) 0.76 (-)
Total number of predictors 6 7 6 8
Past medical history

History of coronary artery bypass graft X X

History of stroke X
Admission diagnosis

Acute coronary syndrome on X X

admission

Shock on admission X
Clinical variables

Age X X X X

Renal function

Glucose >10.6 mmol/L

Anion gap >14 X

End-organ hypoperfusion X (lactate) X (lactate) X (clinical end point)
Neurologic dysfunction X (confusion) X (anoxic brain

damage)

Mechanical ventilation

Systolic blood pressure X X

Oxygen saturation <88
Catheterization laboratory and hemodynamic measurements

Thrombolysis in myocardial infarction X

flow

Left ventricular ejection fraction X

BOS,MA, indicates blood urea nitrogen >25 mg/dL, minimum oxygen saturation <88%, minimum systolic blood pressure <80mm Hg, any use of mechanical
ventilation, age >260years, and maximum anion gap >14mmol/L; IABP-SHOCK II, Intraaortic Balloon Pump in Cardiogenic Shock Il; and SHOCK trial, Should
We Emergently Revascularize Occluded Coronaries in Cardiogenic Shock.

CICU course, we felt that the first 24 hours was the
period during which many major triage and therapeu-
tic decisions are made in the CICU. Understanding the
relative importance of other variables at different time
points in a patient’s CICU course remains a rich area
for future inquiry. Finally, as the population of patients
in the CICU changes over time, it is very likely that
this score will need recalibration in the future, which
can likely be accomplished using newer versions of
the validation data set in the future.*®

This score can serve as a model for developing future
risk scores in cardiology.
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Table S1. Variables in elICU and MIMIC cohorts with percent missing.

elCU - Training | Missing MIMIC 111 - Validation Cohort Missing (%)
Cohort (%) (n=2237)
(n=8815)

Demographics
Age (mean (SD)) 64.07 (14.60) 2.7 | 69.79 (13.78) 0
BMI (mean (SD)) 29.69 (9.70) 5 | 28.39 (6.69) 323
Sex=M (%) 5234 (59.4) 0 | 1314 (58.7) 0
Ethnicity (%) 0 0

Asian 123 (1.4) 43 (1.9

Black 1356 (15.4) 143 (6.4)

Hispanic 357 (4.0) 37 (1.7)

Other 486 (5.5) 433 (19.4)

White 6493 (73.7) 1581 (70.7)
Comorbidities
AIDS/HIV (%) 0(0) 0] 16(0.7) 0
Acute cerebral vascular disease (%) 82 (11.1) 0| 87(3.9 0
Anemia (%) 51 (0.6) 0 | 623 (27.8) 0
Atrial Fibrillation (%) 1289 (14.6) 0 | 911 (40.7) 0
Blood Malignancy (%) 136 (1.5) 0 | 63(2.8) 0
CAD (%) 2386 (27.1) 0 | 1303 (58.2) 0
COPD (%) 1458 (16.5) 0 | 345(15.4) 0
Chronic Kidney Disease (%) 1584 (18.0) 0 | 373(16.7) 0
Congestive Heart Failure (%) 2026 (23.0) 0 | 1290 (57.7) 0
Diabetes Mellitus Il (%) 2984 (33.9) 0 | 798 (35.7) 0
Valvulopathy (%) 922 (10.5) 0 | 548 (24.5) 0
Hypertension (%) 5496 (62.3) 0 | 1319 (59.0) 0
Prior MI (%) 1347 (15.3) 0 | 1054 (47.1) 0
Peripheral Vascular Disease (%) 0(0) 0 | 285(12.7) 0
Dementia (%) 0(0) 0] 25(1.1) 0
Rheumatoid Arthritis/Collagen Vascular Disease (%) | 0 (0) 0 | 66(3.0) 0
Peptic Ulcer Disease (%) 0(0) 0] 30(13) 0
Metastatic Cancer (%) 125 (1.4) 0] 42(1.9) 0
Mild Liver Disease (%) 0(0) 0 | 203 (9.1) 0
Sever Liver Disease (%) 0(0) 01]39(17 0
Solid Neoplasm (%) 1068 (12.1) 0 | 116 (5.2) 0
Charlson Score (%) 0 0

0 2747 (31.2) 146 (6.5)

1 2423 (27.5) 469 (21.0)

2 1661 (18.8) 690 (30.8)

3 1010 (11.5) 523 (23.4)

4 501 (5.7) 274 (12.2)

5 230 (2.6) 97 (4.3)

6 80 (0.9) 31(1.4)

7 32 (0.4) 7(0.3)

8 64 (0.7) -

9 33(0.4) -

10 18(0.2) -

11 15(0.2) -

12 1(0.0) -
CICU therapies
Renal Replacement Therapy (%) 459 (5.2) 01]92(41) 0
Mechanical Ventilation (%) 2771 (31.4) 0 | 1289 (57.6) 0
I1ABP (%) 430 (5.8) 15.7 | 607 (27.1) 0
> 1 Vasopressor (%) 7957 (90.3) 0 | 1725 (77.1) 0
> 1 Inotrope (%) 1357 (15.4) 0 | 1119 (50.0) 0
Total pressors within day 1 (%) 0 0

0 858 (9.7) 512 (22.9)

1 5632 (63.9) 1165 (52.1)

2 1650 (18.7) 357 (16.0)

3 473 (5.4) 127 (5.7)

4 140 (1.6) 60 (2.7)
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5 58 (0.7) 12 (0.5)

6 3(0.0) 3(0.)

7 1(0.0) 1(0.0)
Dobutamine (%) 557 (6.3) 0] 179 (8.0) 0
Dopamine (%) 631 (7.2) 0 | 912 (40.8) 0
Epinephrine (%) 816 (9.3) 0] 93(4.2) 0
Milrinone (%) 300 (3.4) 0| 151 (6.8) 0
Norepinephrine (%) 2298 (26.1) 0 | 576 (25.7) 0
Phenylephrine (%) 733 (8.3) 0 | 547 (24.5) 0
Vasopressin (%) 708 (8.0) 0| 127 (5.7) 0
Total Pressors within first hour(%) 31.1 0

0 3452 (56.9) 1539 (68.8)

1 2024 (33.3) 587 (26.2)

2 475 (7.8) 95 (4.2)

3 87 (1.4) 12 (0.5)

4 24 (0.4) 4(0.2)

5 9(0.1) B
Vital Signs
Heart Rate (min) (mean (SD)) 62.70 (14.83) 5.7 | 66.17 (16.71) 0.6
Heart Rate (max) (mean (SD)) 115.46 (26.38) 5.7 | 108.13 (24.04) 0.6
Heart Rate (mean) (mean (SD)) 84.59 (14.20) 5.7 | 84.20 (16.33) 0.6
Systolic BP (min) (mean (SD)) 85.78 (20.36) 8.4 | 78.06 (16.89) 0.6
Systolic BP (max) (mean (SD)) 158.38 (28.58) 8.4 | 145.31 (25.39) 0.6
Systolic BP (mean) (mean (SD)) 119.44 (17.04) 8.4 | 109.24 (14.90) 0.6
Diastolic BP (min) (mean (SD)) 43.95 (13.29) 8.5 | 37.60(11.32) 0.7
Diastolic BP (max) (mean (SD)) 95.72 (22.13) 8.5 | 83.31(16.89) 0.7
Diastolic BP (mean) (mean (SD)) 65.15 (10.13) 8.5 | 57.41 (10.06) 0.7
MAP (min) (mean (SD)) 58.01 (16.07) 15 | 51.04 (13.99) 0.6
MAP (max) (mean (SD)) 111.62 (23.47) 15 | 106.67 (29.22) 0.6
MAP (mean) (mean (SD)) 81.19 (12.43) 15 | 74.90 (10.66) 0.6
Respiratory Rate (min) (mean (SD)) 10.19 (5.35) 10.1 | 12.02 (3.69) 0.6
Respiratory Rate (max) (mean (SD)) 32.78 (9.57) 10.1 | 28.67 (7.14) 0.6
Respiratory Rate (mean) (mean (SD)) 19.67 (3.58) 10.1 | 19.21 (3.92) 0.6
Temperature (min) (mean (SD)) 35.79 (1.14) 1.7 | 35.84(0.98) 2.6
Temperature (max) (mean (SD)) 37.68 (0.85) 1.7 | 37.56 (1.01) 2.6
Temperature (mean) (mean (SD)) 36.76 (0.57) 1.7 | 36.75(0.82) 2.6
SpO2 (min) (mean (SD)) 84.15 (16.69) 0.3 | 88.72 (12.01) 1
SpO2 (max) (mean (SD)) 99.64 (1.15) 9.3 | 99.63 (1.50) 1
SpO2 (mean) (mean (SD)) 96.51 (2.57) 9.3 | 96.83 (3.39) 1
Urine Output within 24 hours (mean (SD)) 689.86 (828.15) 29.5 | 2011.47 (1428.94) 5.1
First GCS score (mean (SD)) 12.40 (4.03) 24.8 | 14.61 (1.59) 0.9
Laboratory Results
Glucose (min) (mean (SD)) 119.38 (49.08) 3.2 | 110.28 (42.07) 1.9
Glucose (max) (mean (SD)) 193.48 (122.88) 3.2 | 215.82 (108.43) 1.9
Anion Gap (min) (mean (SD)) 9.79 (4.60) 17.1 | 13.09 (3.44) 0.9
Anion Gap (max) (mean (SD)) 13.54 (6.30) 17.1 | 18.44 (5.34) 0.9
Albumin (min) (mean (SD)) 3.06 (0.73) 30.5 | 3.20(0.65) 40.4
Albumin (max) (mean (SD)) 3.30 (0.68) 30.5 | 3.36(0.59) 40.4
Bands (min) (mean (SD)) 10.65 (11.48) 91 | 6.96 (7.77) 81.9
Bands (max)(mean (SD)) 13.96 (13.80) 91 | 9.65(10.13) 81.9
Bicarbonate (min) (mean (SD)) 22.00 (5.32) 5.7 | 20.55 (5.18) 0.8
Bicarbonate (max) (mean (SD)) 25.58 (4.71) 5.7 | 25.77 (4.94) 0.8
Bilirubin (min) (mean (SD)) 0.90 (1.44) 32.3 | 0.95(2.37) 30.3
Bilirubin (max) (mean (SD)) 1.08 (1.81) 323 | 1.32(3.43) 30.3
Creatinine (min) (mean (SD)) 1.56 (1.56) 3.2 | 1.36(1.12) 0.3
Creatinine (max) (mean (SD)) 2.02 (2.02) 3.2 | 1.97(1.70) 0.3
Creatinine >1.5x baseline (%) 1820 (21.3) 3.2 | 762 (34.2) 0.3
Chloride (min) (mean (SD)) 101.21 (6.72) 3.2 | 100.31 (6.31) 0.6
Chloride (max) (mean (SD)) 105.96 (6.60) 3.2 | 106.95 (6.20) 0.6
Hematocrit (min) (mean (SD)) 31.51 (7.29) 1.8 | 29.95 (6.21) 0.1
Hematocrit (max) (mean (SD)) 37.11 (6.63) 1.8 | 38.13 (5.44) 0.1
Hemoglobin (min) (mean (SD)) 10.50 (2.40) 1.9 | 10.16 (2.16) 0.4
Hemoglobin (max) (mean (SD)) 12.23 (2.31) 1.9 | 12.67 (1.91) 0.4
Lactate (min) (mean (SD)) 2.25(2.52) 55.9 | 2.17 (2.05) 34.6
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Lactate (max) (mean (SD)) 4.04 (3.91) 55.9 | 4.37(3.73) 34.6
Platelet (min) (mean (SD)) 180.05 (90.54) 3.5 | 189.74 (85.52) 0.3
Platelet (max) (mean (SD)) 226.56 (103.54) 3.5 | 268.25 (111.74) 0.3
Potassium (min) (mean (SD)) 3.81 (0.60) 1.1 | 3.64(0.56) 0.1
Potassium (max) (mean (SD)) 4.67 (0.85) 1.1 | 5.03(0.98) 0.1
PTT (min) (mean (SD)) 32.85 (12.21) 35.8 | 34.04 (15.87) 4.2
PTT(max) (mean (SD)) 44.00 (24.28) 35.8 | 73.81 (45.14) 4.2
INT (min) (mean (SD)) 1.34 (0.62) 23.7 | 1.38(0.57) 3.9
INR (max) (mean (SD)) 1.60 (1.08) 23.7 | 2.03(1.95) 3.9
PT (min) (mean (SD)) 14.95 (6.34) 23.9 | 14.99 (4.64) 4.1
PT (max) (mean (SD)) 17.50 (10.58) 23.9 | 18.98 (11.67) 4.1
Sodium (min) (mean (SD)) 135.54 (5.30) 3.2 | 134.96 (5.08) 0.4
Sodium (max) (mean (SD)) 139.66 (5.16) 3.2 | 140.58 (4.59) 0.4
BUN (min) (mean (SD)) 24.89 (19.09) 3.2 | 26.98 (19.47) 0.4
BUN (max) (mean (SD)) 31.79 (23.68) 3.2 | 38.47 (25.92) 0.4
WBC (min) (mean (SD)) 10.40 (7.44) 2.2 | 9.95(5.51) 0.5
WBC (max) (mean (SD)) 14.66 (10.66) 2.2 | 15.68 (9.12) 05
Troponin | (min) (mean (SD)) 4.18 (18.97) 57.1 | 7.87 (11.50) 92
Troponin I (max) (mean (SD)) 11.36 (44.62) 57.1 | 13.26 (15.43) 92
RDW (min) (mean (SD)) 15.06 (2.29) 6.1 | 14.61 (1.90) 0.7
RDW (max) (mean (SD)) 15.49 (2.48) 6.1 | 15.23(2.21) 0.7
Shock Index (mean (SD)) 1.06 (0.39) 8.5 | 0.79(0.21) 0.7
Outcomes

In-hospital Mortality (%) 1188 (13.5) 0 | 509 (22.8) 0
ICU length of stay (days) (mean (SD)) 1.52(2.11) 0 | 5.55(6.91) 0
Hospital length of stay (days) (mean (SD)) 8.92 (9.59) 0 | 10.85 (11.75) 0
Time to death (days) (mean (SD)) 5.39 (6.98) 0 | 8.90 (11.55) 0

SD=standard deviation, BMI=body mass index, AIDS/HIV=Acute Immunodeficiency Syndrome/Human Immunodeficiency Virus,
COPD=chronic obstructive pulmonary disease, CAD=coronary artery disease, MI=myocardial infarction, IABP=intra-aortic balloon pump,
BP=blood pressure, MAP=mean arterial pressure, SpO2=0xygen saturation, GCS=Glasgow Coma Scale, PT T=partial thromboplastin time,

INR=international normalized ratio, PT=prothrombin time, BUN=blood urea nitrogen, WBC=white blood cell, RDW-=red cell distribution width,

ICU=intensive care unit
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Table S2. Key reporting elements for machine learning analyses.

Study Design
1. Clinical question: Can a simple, clinically interpretable risk-score improve mortality prediction among

patients with cardiogenic shock in the cardiac ICU?

2. Intended use of results: Build a simple, clinically interpretable risk-score that can be used to risk stratify
patients with cardiogenic shock can provide important prognostic information and guide the appropriate
triage and selection of therapies.

3. Problem type: Predictive classification model based on an unknown number of features present in two
large real-world electronic medical record datasets

4. Available data:

a. Philips elCU database (elICU-CRD v2.0): 200,859 patient encounters for 139,367 unique patients
admitted between 2014 and 2015 in one of 335 units in 208 hospitals located throughout the US

b. MIMIC-III: 61,532 adult hospital admissions for 53,423 distinct patients admitted to critical care
units between 2001 and 2012 at the Beth Israel Deaconess Medical Center

5. ML method and rationale: RiskSLIM uses modern optimization techniques to fit the best logistic
regression model with small integer weights and a limited number of risk factors. This technique can fit risk
scores that have better risk-calibration and area under the curve compared to models developed heuristically
(e.g., by combining logistic regression with techniques for feature selection and continuous variable
dichotomization). The gain in performance stems from how RiskSLIM fits models in a single step without
relying on approximations or heuristics. In this application, the model was constrained to use unit weights to
allow for quick computation at the bedside as a checklist.

6. Evaluation measures, training protocols, and validation

a. We evaluated all models by rank accuracy and risk calibration.
i. We assessed rank accuracy via the area under the receiver operating characteristic curve
(AUC).

ii. We assessed risk calibration by constructing a reliability diagram plotting the observed
mortality compared with the predicted mortality and by reporting the expected calibration
error (ECE).

b. The Philips elCU database was used for training given patients from a more heterogenous
population.

c. We evaluated the performance of each model internally, validating the performance of all models
using 5-fold cross validation.

d. The MIMIC-III database was used for external validation.

e. Platt scaling was employed on the final models to improve reliability of estimates.

Data sources and preprocessing
1. Population:
a. Philips elCU database (elCU-CRD v2.0): 200,859 patient encounters for 139,367 unique patients
admitted between 2014 and 2015 in one of 335 units in 208 hospitals located throughout the US
b. MIMIC-III: 61,532 adult hospital admissions for 53,423 distinct patients admitted to critical care
units between 2001 and 2012 at the Beth Israel Deaconess Medical Center
2. Sample record and measurement characteristics: All structured data from ICU electronic medical
records
a. Contains demographics recorded from administrative data
b. Comorbidities and CICU therapies recorded by care providers
c. Vital signs recorded by nurses
d. Core clinical laboratory panels
3. Data collection and quality:
a. Data was collected as part of routine clinical care in the ICU
b. Very low percentage missing across most variables (Table S1)
4. Data structure and types
a. Categorical: demographics, comorbidities, CICU therapies
b. Quantitative: vital signs, laboratory values -> summarized into categorical variables using cutoffs
based on clinical judgment with multiple possible cutoffs of variables included as distinct
candidate features
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5.
6.

7.

Differences between evaluation and validation sets: Please see Table 1 and Table S1
Data preprocessing

a. Data subsets or aggregation: We restricted the observations to the values available within the first
24 hours of ICU admissions. For variables recorded multiple times over that timespan in the
database, we kept its minimal and maximal value, and its average.

b. Missing data: All candidate variables for which > 25% values were missing were excluded. For
variables with < 25% missing values, we used simple imputation using predictive mean matching
applied independently on the training and the validation datasets.

c. Data transformation: We did not conduct any data transformation.

d. Data label source: The primary outcome of our study, in-hospital mortality was directly recorded in
the database and did not require any data processing or human input.

Link to data or data request mechanism
a. Philips elCU database can be requested at: https://eicu-crd.mit.edu/
b. MIMIC-11I database can be requested at: https://mimic.mit.edu/

Model development and validation

1.

2.

3.

4,

Hardware, software, and packages used

a.  We fit RiskSLIM models using the RiskSLIM Python package, which is freely available
at https://github.com/ustunb/risk-slim. This package uses the CPLEX 12.10 MIP solver, which is
freely available to academic use through the IBM Academic Initiative. We fit each model for at
most 20 minutes on a 3.33GHZ single-core CPU with 16 GB of RAM.

b. We fit penalized logistic regression models using the glmnet package in R as a comparator.

Model training and evaluation

a. Training completed using elCU database

b. We created RiskSLIM models with successively increasing parameters (from 1 to 10) and
examined performance via AUC and calibration error.

c. Each RiskSLIM model was fit to optimize the logistic loss over a family of risk scores with model
size and coefficient constraint. This model corresponds to risk score that attains the maximum
possible calibration within the family of models — under the parametric assumption, true risk can
be modeled using a logistic link function.

Model parameters/hyperparameters:

a. For RiskSLIM models, we used a “checklist” style model where coefficients were restricted to 1
(count condition); 0 (do not consider condition); and -1 (count absence of condition)

b. We fit penalized logistic regression models using the gimnet package in R. The free parameters for
this model include: o € [0, 1] (the elastic-net mixing parameter) and y > 0 is a regularization
penalty. We trained 1,100 PLR models by choosing 1,100 combinations of (a,y): 11 values of
alphain 0.1,0.2,...1.0} x 100 values of y (chosen automatically by glmnet for each a). This free
parameter grid produces 1,100 PLR models that include models obtained by: (i) Lasso (I1-penalty),
which corresponds to PLR when a = 1.0; (ii) Ridge (12-penalty), which corresponds to PLR when o
= 0.0; (iii) standard logistic regression, which corresponds to PLR when o = 0.0 and vy is small.

Features selected and input into the model (all binary 0/1)
maximum BUN >25

minimum Oxygen saturation < 88

minimum Systolic blood pressure <80

Mechanical ventilation

Age>60

f.  maximum Anion gap >14

PoooTe

5. Validation method and performance metrics

6.

a. MIMIC-I1II database was used for external validation
b. Training set (eICU): AUC 0.83 (0.82-0.84), ECE 0.9%
c. Validation set (MIMIC Il1): AUC 0.76 (0.73-0.78), ECE 2.6%
Reproducibility and code reuse
a. The computer code used to generate the analyses is available on GitHub
(https://github.com/ustunb/cshock) including preprocessing and modeling steps.
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Table S3. Baseline characteristics of elCU and MIMIC cohorts.

elCU - Training MIMIC 111 - Standardized
Cohort (n=8815) Validation Cohort Difference
(n=2237)

Demographics
Age (mean (SD)) 64.07 (14.60) 69.79 (13.78) 0.391
Male sex (%) 5234 (59.4) 1314 (58.7) 0.013
Comorbidities
Acute cerebral vascular disease (%) 982 (11.1) 87 (3.9) 0.278
Anemia (%) 51 (0.6) 623 (27.8) 0.848
Atrial Fibrillation (%) 1289 (14.6) 911 (40.7) 0.61
Blood Malignancy (%) 136 (1.5) 63 (2.8) 0.087
Solid Neoplasm (%) 1068 (12.1) 116 (5.2) 0.248
Congestive Heart Failure (%) 2026 (23.0) 1290 (57.7) 0.756
Chronic Kidney Disease (%) 1584 (18.0) 373 (16.7) 0.034
COPD (%) 1458 (16.5) 345 (15.4) 0.031
CAD (%) 2386 (27.1) 1303 (58.2) 0.664
Diabetes Mellitus (%) 2984 (33.9) 798 (35.7) 0.038
Valvulopathy (%) 922 (10.5) 548 (24.5) 0.376
Hypertension (%) 5496 (62.3) 1319 (59.0) 0.069
Metastatic Cancer (%) 125 (1.4) 42 (1.9) 0.036
Prior M1 (%) 1347 (15.3) 1054 (47%) 0.732
CICU therapies
Renal Replacement Therapy (%) 459 (5.2) 92 (4.1) 0.052
Mechanical Ventilation (%) 2771 (31.4) 1289 (57.6) 0.546
IABP (%) 430 (5.8) 607 (27.1) 0.631
> 1 Vasopressor (%) 7957 (90.3) 1725 (77.1) 0.362
> 1 Inotrope (%) 1357 (15.4) 1119 (50.0) 0.794
Vital signs
Heart Rate Min (mean (SD)) 62.70 (14.83) 66.17 (16.71) 0.216
Heart Rate Max (mean (SD)) 115.46 (26.38) 108.13 (24.04) 0.288
Systolic BP Min (mean (SD)) 85.78 (20.36) 78.06 (16.89) 0.024
Systolic BP Max (mean (SD)) 158.38 (28.58) 145.31 (25.39) 0.487
Respiratory Rate Min (mean (SD)) 10.19 (5.35) 12.02 (3.69) 0.409
Respiratory Rate Max (mean (SD)) 32.78 (9.57) 28.67 (7.14) 0.492
SpO2 Min (mean (SD)) 84.15 (16.69) 88.72 (12.01) 0.32
Laboratory results
Glucose Min (mean (SD)) 119.38 (49.08) 110.28 (42.07) 0.188
Anion Gap Max (mean (SD)) 13.54 (6.30) 18.44 (5.34) 0.83
Bicarbonate Min (mean (SD)) 22.00 (5.32) 20.55 (5.18) 0.292
Chloride Max (mean (SD)) 105.96 (6.60) 106.95 (6.20) 0.15
Hematocrit Max (mean (SD)) 37.11 (6.63) 38.13 (5.44) 0.168
Hemoglobin Min (mean (SD)) 10.50 (2.40) 10.16 (2.16) 0.157
Platelet Min (mean (SD)) 180.05 (90.54) 189.74 (85.52) 0.106
Potassium Max (mean (SD)) 4.67 (0.85) 5.03 (0.98) 0.4
INR Max (mean (SD)) 1.60 (1.08) 2.03 (1.95) 0.275
Sodium Min (mean (SD)) 135.54 (5.30) 134.96 (5.08) 0.116
BUN Max (mean (SD)) 31.79 (23.68) 38.47 (25.92) 0.274
WBC Max (mean (SD)) 14.66 (10.66) 15.68 (9.12) 0.105
RDW Max (mean (SD)) 15.49 (2.48) 15.23 (2.21) 0.113
Creatinine >1.5x baseline (%) 1820 (21.3) 762 (34.2) 0.298
Outcome
In-hospital Mortality (%) 1188 (13.5) 509 (22.8) 0.243
ICU length of stay (days) (mean (SD)) 152 (2.11) 5.55 (6.91) 0.789
Hospital length of stay (days) (mean (SD)) 8.92 (9.59) 10.85 (11.75) 0.179
Time to death (days) (mean (SD)) 5.39 (6.98) 8.90 (11.55) 0.368

SD=standard deviation, COPD=chronic obstructive pulmonary disease, CAD=coronary artery disease, MlI=myocardial
infarction, IABP=intra-aortic balloon pump, SpO2=0xygen saturation, INR=international normalized ratio, BUN=blood
urea nitrogen, WBC=white blood cell, RDW=red cell distribution width
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Table S4. Performance of BOS,MA: risk score model compared to penalized logistic regression models.

Model

elCU (Training)

MIMIC (Validation)

Penalized logistic regression model with all features

AUC

0.87 (0.86, 0.88)

0.80 (0.78, 0.82)

Calibration error

0.50%

4.00%

Penalized logistic regression model with same features

AUC

0.84 (0.83, 0.85)

0.76 (0.73, 0.78)

Calibration error

0.50%

3.40%

BOS,MA; model (RiskSLIM)

AUC

0.83 (0.82, 0.84)

0.75 (0.73, 0.78)

Calibration error

0.90%

2.60%

Penalized logistic regression model with all features + BOS,MA:

AUC

0.86 (0.85, 0.87)

0.79 (0.77, 0.81)

Penalized logistic regression model with same features + BOS,MA:2

AUC

0.84 (0.83, 0.85)

0.76 (0.74, 0.78)
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Table S5. BOS,MA: risk score subgroup analysis.

revascularization

Subgroup Subgroup Positive AUC* ECE (%)
size cases
Presence of a primary
cardiovascular admission 305 69 0.78 (0.73-0.83) 1.05
diagnosis
Presence of a primary
admission diagnosis other 383 101 0.81 (0.77-0.86) 1.00
than CV
Presence of MI necessitating
acute coronary 208 42 0.83 (0.77-0.88) 1.06
revascularization
Absence of MI necessitating
acute coronary 478 128 0.79 (0.75-0.83) 1.00

*95 ClI calculated using Delong statistics
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Table S6. BOS,MA: risk score model performance compared to other validated risk scores in cardiovascular-
specific subgroups of the validation cohort.

Cohort Presence of a primary cardiovascular Presence of myocardial infarction necessitating acute
admission diagnosis (n=305) coronary revascularization (n=208)

Risk score AUC (95% Cl)®  ECE AUC (95% CI)*® ECE

BOS,MA, 0.78 (0.73-0.83)  1.05 0.83 (0.77-0.88) 1.06

SOFA score (day 1) 0.76 (0.70-0.82) 4% 0.83 (0.77-0.89) 7.7%

OASIS score (day 1) 0.79 (0.74-0.85)  8.1% 0.82 (0.76-0.89) 5.7%

AUC=area under the curve; Cl=confidence interval; ECE=expected calibration error
295% CI computed using the Delong statistic



202 ‘2T 8unr uo Ag Bio'seuinofeye/:dny wouy papeojumod

Figure S1. Candidate model performance based on model size.
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Figure S2. Observed BOS,MA: risk score values across datasets.
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