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Aims This study aimed to validate the machine learning-based Global Registry of Acute Coronary Events (GRACE) 3.0 score and
PRAISE (Prediction of Adverse Events following an Acute Coronary Syndrome) in patients with acute coronary syndrome
(ACS) treated with percutaneous coronary intervention (PCl) for predicting mortality.

Methods Data of consecutive patients with ACS treated with PCl in a tertiary centre in the Netherlands between 2014 and 2021 were

and results used for external validation. The GRACE 3.0 score for predicting in-hospital mortality was evaluated in 2759 patients with
non-ST-elevation acute coronary syndrome (NSTE-ACS) treated with PCI. The PRAISE score for predicting one-year mor-
tality was evaluated in 4347 patients with ACS treated with PCI. Both risk scores were compared with the GRACE 2.0 score.
The GRACE 3.0 score showed excellent discrimination [c-statistic 0.90 (95% CI 0.84, 0.94)] for predicting in-hospital mor-
tality, with well-calibrated predictions (calibration-in-the large [CIL] —0.19 [95% CI —0.45, 0.07]). The PRAISE score demon-
strated moderate discrimination [c-statistic 0.75 (95% CI 0.70, 0.80)] and overestimated the one-year risk of mortality [CIL
—0.56 (95% ClI —0.73, —0.39)]. Decision curve analysis demonstrated that the GRACE 3.0 score offered improved risk pre-
diction compared with the GRACE 2.0 score, while the PRAISE score did not.

Conclusion This study in ACS patients treated with PCI provides suggestive evidence that the GRACE 3.0 score effectively predicts in-
hospital mortality beyond the GRACE 2.0 score. The PRAISE score demonstrated limited potential for predicting one-year
mortality risk. Further external validation studies in larger cohorts including patients without PCl are warranted.
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Graphical Abstract

Validation of machine-learning based risk stratification scores for patients with
acute coronary syndrome treated with percutaneous coronary intervention
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This study in ACS patients treated with PCIl provides suggestive evidence that the GRACE 3.0 score

predicts in-hospital mortality better than GRACE 2.0, while the PRAISE score shows limited value

for predicting one-year mortality

Treatment Outcome

Introduction

Acute coronary syndrome (ACS) is defined as a range of conditions
caused by sudden myocardial ischaemia. ACS affects more than 7 million
people worldwide each year and approximately 8% of patients
die within one year after admission."™ To aid clinical decision making,
risk assessment is performed in patients presenting with ACS.>®
Numerous risk scores have been developed to assess the risk of in-
hospital and longer term mortality, of which the Global Registry of
Acute Coronary Events (GRACE) scoring system is recommended by
the European Society of Cardiology (ESC) guideline.* GRACE was a
registry of patients presenting with ACS in the period 1999 to 2009
in atime before the widespread adoption of drug-eluting stents and con-
temporary medical therapy standards. Moreover, the generalizability of
the GRACE 2.0 score remains limited, particularly in accurately predict-
ing the probability of adverse events for the individual patient.>® These
limitations indicated a need for new and more personalized risk stratifi-
cation tools.

In recent years, machine learning-based risk scores have enabled the
identification of more complex patterns compared with traditional re-
gression methods.”® Machine learning has shown promising results for
risk stratification in patients with ACS.>'® For example, the machine
learning-based GRACE version 3.0 score'! improved the prediction

Acute Coronary Syndrome ® Percutaneous Coronary Intervention ® Mortality ® Prognosis ® Risk Assessment ®

of in-hospital mortality among patients with non-ST-elevation acute
coronary syndrome (NSTE-ACS) compared with the GRACE version
2.0 score.”” The GRACE 3.0 score is calculated using nine variables
of clinical presentation, which include the variables in the GRACE 2.0
score and sex. In external validation, the GRACE 3.0 score achieved
a c-statistic of 0.91 (95% CI 0.89-0.92) in male patients and 0.87
(95% Cl 0.84-0.89) in female patients.'’ In addition, the PRAISE risk
score,'? a machine learning-based risk score, was trained on ACS pa-
tients treated with percutaneous coronary intervention (PCl) and in-
tegrates 25 clinical, anatomical, and procedural features. The PRAISE
risk score achieved a c-statistic of 0.92 (95% Cl 0.90-0.93) in an ex-
ternal validation cohort. This score has demonstrated accurate dis-
crimination between patients who are likely to die within one year
and those who are not."?

PCl is a widely utilized treatment in patients with ACS."? Validation
of these machine learning-based tools is essential for selecting the most
effective risk stratification tools, needed to better understand the pa-
tient’s prognosis after PCI, identify high-risk individuals, and guide clin-
icians in their decisions. An independent validation study for the
GRACE 3.0 score and PRAISE score in patients with ACS treated
with PCl at a Dutch tertiary centre is lacking. Therefore, the aim of
this study was to validate the GRACE 3.0 score and PRAISE in patients
with ACS treated with PCl for predicting mortality.
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Methods

Study design and patient population

In this retrospective cohort study, patients diagnosed by the treating phys-
ician with ACS were consecutively selected from electronic health records
of the Amsterdam University Medical Center, location VUmc, between
2015 and 2021. Patients were eligible if they were 18 years or older and
underwent a PCl procedure. Patients were managed according to the
ESC guidelines.’*'® This study complies with the principles in the
Declaration of Helsinki and received approval by the local human ethical re-
view board. The study met the criteria for a waiver of the informed consent
requirements.

Outcome

The primary outcomes were in-hospital mortality and one-year mortality.

Data collection

Baseline, treatment, and mortality data of patients who underwent PCl for
ACS were collected from pseudonymized electronic health records and
stored in a registry. Mortality data was verified using national registry
data. The following variables were collected for each patient for calculation
of the GRACE 2.0 score: age, heart rate, systolic blood pressure, Killip class,
creatinine concentration, cardiac arrest, presence of ST—segment deviation,
and troponin elevation. Calculation of the GRACE 3.0 score required the
same variables, with addition of sex as variable. For calculation of the
PRAISE score, 16 clinical variables (age, sex, diabetes, hypertension, hyper-
lipidemia, peripheral artery disease, estimated glomerular filtration rate
[eGFR] using the Modification of Diet in Renal Disease [MDRD] equation,"”
previous myocardial infarction, previous PCl, previous coronary artery by-
pass grafting [CABG], previous stroke, previous bleeding, malignancy,
STEMI presentation, haemoglobin, and left ventricular ejection fraction
[LVEF]) were collected. The PRAISE score was calculated based on the col-
lection of two procedural variables (vascular access and PCl with
drug-eluting stent), two angiographic variables (multivessel disease and
complete revascularization), and five therapeutic variables (treatment
with B blockers, angiotensin-converting enzyme inhibitors or angiotensin-
receptor blockers, statins, oral anticoagulation, and proton-pump inhibi-
tors). The definitions of these variables are shown in Supplementary
material online, Table ST and were in accordance with the definitions
used in the studies that developed the machine learning-based risk
scores.""'*1® The GRACE 2.0 (in-hospital and one-year mortality),
GRACE 3.0 (in-hospital mortality), and PRAISE scores (one-year mortality)
were calculated for each patient using the online web pages (https:/
www.outcomes-umassmed.org/grace/acs_risk2/index.html,*  https://www.
grace-3.com,"""® and https:/praise.npc4ai.it'?).

Missing data

Missing values of variables in the risk scores were imputed by multiple imput-
ation by chained equation (MICE) in accordance with Wenzl et al.'" MICE is
an iterative process that imputes missing values using modelling of the other
variables in the dataset. In this study, each variable was imputed 20 times (20
iterations), and this process was repeated to create 20 imputed datasets."”
Predictive mean matching, proportional odds, and polytomous logistic re-
gression were applied for continuous data, ordered categorical data, and un-
ordered categorical data, respectively. The outcome variables in-hospital
mortality, six-month mortality, and one-year mortality were used as inde-
pendent variables in the imputation process. Complete case analysis was
performed to evaluate the effect of imputation on the results.

Evaluation of risk scores

The GRACE 3.0 score was evaluated in patients with NSTE-ACS treated
with PCl for predicting in-hospital mortality."” The PRAISE score was eval-
uated in patients with ACS treated with PCl for predicting one-year mor-
tality. In line with the PRAISE development cohort score, patients who died
during hospitalization were excluded.?®?" Additional analyses were con-
ducted to investigate the performance of the GRACE 3.0 score and

PRAISE score in patients with ACS and NSTE-ACS treated with PCI, in
both male and female subgroups.

The discriminative performance of the machine learning-based risk
scores was evaluated using concordance statistic (c-statistic).? The discrim-
inative ability was classified as poor (c-statistic < 0.70), moderate (c-statistic
0.70-0.80), good (c-statistic 0.80-0.90), or excellent (c-statistic > 0.90).2%%
Rubin’s Rules were used to combine the c-statistics from the imputed da-
tasets and obtain an estimate with a 95% confidence interval 24

The calibration (agreement between predicted and actual observed risk),
was assessed using calibration plots, calibration-in-the-large (CIL), and the
calibration slope (CS).*** CIL compares the average predicted risk with
the observed risk, which is 0.00 in a perfectly calibrated risk score. A CIL
lower than 0.00 indicates overestimation and a CIL greater than 0.00 indi-
cates underestimation. CS evaluates the spread of the predicted risks, which
is equal to 1.00 in a perfectly calibrated risk score. A CS lower than 1.00
indicates that the predicted risks are too high for patients at high risk and
too low for patients at low risk. A CS greater than 1.00 indicates that the
predicted risks are too low for high-risk patients and too high for low-
risk patients.?%%® The calibration of the GRACE 3.0 score is particularly clin-
ically important around the 3% threshold, which guides the decision on
early vs. a delayed invasive treatment in patients with ACS.%’

Decision curve analysis was performed to evaluate the clinical utility of the
machine learning-based risk scores for identifying high-risk and low-risk ACS
patients of mortality after PCI.2%3" In this analysis, the net benefit (a weighted
combination of true and false positives, determined by a threshold probabil-
ity) of the risk score is plotted against a range of threshold probabilities. The
threshold probabilities can be interpreted as the percentage at which a clin-
ician would opt for close monitoring.>? This could be interpreted as the per-
centage of patients who require close monitoring needed to protect one
patient from mortality. For example, setting a threshold at 0.05 (5%) means
that to protect one patient from mortality, 20 patients need close monitoring.
Similarly, for a threshold probability at 0.1 (10%), ten patients need close
monitoring to prevent one patient from mortality. The net benefit across
all thresholds of the machine learning risk scores is compared with the
GRACE 2.0 score and close monitoring in all patients (‘Always act’). The
risk score with the highest net benefit at a certain threshold probability has
the best trade-off between true positives and false positives and is the
most clinically useful at that specific threshold probability. The maximum net-
benefit is equal to the incidence of mortality, which is the case when all pa-
tients who will die are identified by the risk score without any false positives.
Decision curve analysis combines both discrimination and calibration, which
offers a valuable method to compare the performance of risk scores.

Statistical analysis

Descriptive statistics were presented as median with interquartile range
(IQR) to facilitate comparison with the cohorts upon which the risk scores
(GRACE 2.0, GRACE 3.0,"" PRAISE'?) were developed. Nominal or ordin-
al data were presented as numbers with percentages. Data processing and
statistical analysis were performed in Python version 3.8. and R version
4.1.3. (R Core Team, Vienna, Austria). The c-statistics of the GRACE 3.0
and PRAISE scores were compared with the GRACE 2.0 score on signifi-
cance using the Delong’s test for paired receiver operating characteristics
(ROC) curves.*® Rubin’s Rules were used to aggregate the P-values ob-
tained from the imputed datasets into a single estimate. A P-value less
than 0.05 was considered statistically significant.

This study followed the TRIPOD (transparent reporting of multivariable
prediction model for individual prognosis or diagnosis)®* statement and
met all CODE-EHR minimum framework standards for the use of health-
care data for clinical research.®®

Results
Study population

A total of 10411 patients who underwent CAG or PCl were screened
for inclusion. After excluding patients without ACS or PCl, 4471 pa-
tients were identified. Of these patients, 2759 patients (62%) presented
with NSTE-ACS, in whom the GRACE 3.0 risk score was evaluated. A
total of 124 patients with ACS treated with PCl (2.7%) died during
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10411 patients with CAG or PCl in EHR between 2014
and 2021

4627 patients excluded:

Y

| 5784 ACS patients with CAG or PCl in EHR

* No ACS indication (n=4627)

_| 1313 patients excluded:

Y

| 4471 ACS patients with PClin EHR

"l *+ No PCl (n=1313)

1712 patients excluded:

______ * STEMI (n=1712)

GRACE 3.0 score evaluation:
2759 NSTE-ACS patients with PClin EHR

_| 124 patients excluded:

A

PRAISE score evaluation:

| * In-hospital mortality (n=124)

4347 ACS patients with PCl in EHR

Figure 1 Inclusion flowchart. ACS = acute coronary syndrome; CAG = coronary angiography; EHR = electronic health records; NSTE-ACS = with
non-ST-elevation acute coronary syndrome; PCl = percutaneous coronary intervention.

hospitalization, which resulted in 4347 patients with ACS in whom the
PRAISE risk score was evaluated. A total number of 4418 patients with
ACS treated with PCl were included in this study. The flow chart is de-
picted in Figure 1.1n 24% of the patients, the data were not complete to
calculate the GRACE 2.0 score. A total of 6.3% of the data were miss-
ing, as presented in Supplementary material online, Table S2. Ejection
fraction had the highest rate of missing data, which was missing in
61% of the patients. No data were missing for the outcomes in-hospital
and one-year mortality.

Atotal of 3178 (72%) of patients in this study were male, and the me-
dian age was 66 years. The baseline characteristics are presented in
Table 1. There were differences in the patient characteristics with the
original GRACE 2.0,* GRACE 3.0,"" and PRAISE'? cohort, as shown
in Supplementary material online, Table S3. Patients in the GRACE
3.0 evaluation cohort had higher rates of cardiac arrest at admission
and cardiogenic shock (Killip IV class) at presentation compared with
patients in the GRACE 2.0 and 3.0 development cohort. PCl was per-
formed in 35% of the females and 46% of the males in the original
GRACE 3.0 cohort. The PRAISE development cohort had a higher
prevalence of dyslipidemia, STEMI, and a higher median eGFR and ejec-
tion fraction, compared with patients in this study. All patients in the
original PRAISE cohort underwent PCI.

Mortality

In the GRACE 3.0 evaluation cohort 71 patients (2.5%) died in the
hospital, and 156 patients (5.6%) died within one year after admission,
as shown in Table 1. In the PRAISE evaluation cohort, 145 patients
(3.3%) died within one year after admission.

Performance: GRACE 3.0 score

The c-statistic of the GRACE 3.0 score for predicting in-hospital
mortality was 0.90 (95% Cl 0.84, 0.94), which exceeded that of the

GRACE 2.0 score [0.86 (95% CI 0.80, 0.91), P=0.002]. The ROC
curves are shown in Figure 2. While the GRACE 2.0 score [CIL —0.31
(95% ClI —0.56, —0.06)] showed, on average, a slight overestimation of
the risk of mortality, GRACE 3.0 score was well-calibrated [CIL —0.19
(95% ClI —0.45, 0.07), Figure 3].

The CS of the GRACE 3.0 score [CS 0.96 (95% Cl 0.81, 1.12)] and
GRACE 2.0 score [CS 1.08 (95% CI 0.90, 1.25)] were nearly perfect,
which indicates that the risk scores are well-calibrated at extreme
high and low predictions. The calibration plots are shown in Figure 3.
Due to missing data, 1868 patients with NSTE-ACS treated with PCI
were included in complete case analysis. Complete case analysis is
shown in Supplementary material online, Table $4. In complete case
analysis, 61 patients with NSTE-ACS treated with PCI (3%) died in
the hospital. Complete case analysis yielded results similar to the
analysis including all patients, except for the GRACE 2.0 [CIL —0.26
(95% ClI —0.54, 0.01)] calibration, which was slightly better compared
with the analysis of all patients.

Decision curve analysis showed that the GRACE 3.0 score was more
effective in selecting patients at high- and low-risk of mortality for de-
cision thresholds between 0% and 30%, compared with monitoring all
patients closely and the GRACE 2.0 score. The decision curve analysis is
shown in Figure 4.

In additional analyses, the c-statistic of the GRACE 3.0 risk score in
male patients with NSTE-ACS treated with PCI (n = 1982) was 0.89
(95% Cl 0.83, 0.95), and 0.93 (95% CI 0.79, 0.98) in female patients
with NSTE-ACS treated with PCl (n = 748). These results are shown
in Supplementary material online, Table S5.

Performance: PRAISE score

The c-statistic of the PRAISE score for predicting one-year mortality
was 0.75 (95% Cl 0.70, 0.80), which was lower but not significantly
different from that of the GRACE 2.0 score [0.78 (95% CI 0.73,
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Table 1 Baseline characteristics and adverse outcomes

Characteristics PRAISE validation cohort GRACE 3.0 validation cohort
(ACS, n =4347) (NSTE-ACS, n=2759)

Age (years), median [Q1,Q3]
Male, n (%) or %

BMI (kg/m2), median [Q1,Q3]
Risk factors

66.00 [57.00, 74.00]
3127 (72.7)
26.50 [24.21, 29.39]

68.00 [58.00, 75.00]
1982 (72.6)
26.60 [24.30, 29.70]

Hypertension, n (%) or % 2234 (53.5) 1514 (57.3)
Diabetes, n (%) or % 910 (21.3) 672 (24.8)
Dyslipidemia, n (%) or % 1252 (30.1) 857 (32.6)
Current or former smoker, n (%) or % 1589 (38.1) 804 (30.4)
Medical history

Myocardial infarction, n (%) or % 719 (16.5) 571 (20.7)
Percutaneous coronary intervention, n (%) or % 834 (19.2) 651 (23.6)
Coronary artery bypass graft, n (%) or % 220 (5.1) 196 (7.1)
Peripheral artery disease, n (%) or % 157 (3.9) 124 (4.8)
Stroke or transient ischaemic attack, n (%) or % 178 (4.1) 138 (5.0)
Bleedings, n (%) or % 63 (14) 46 (1.7)
Clinical presentation

STEMI, n (%) or % 1659 (38.2) 0
Unstable angina or non-STEMI, n (%) or % 2688 (61.8) 2759 (100)

Haemoglobin at admission (mg/dL), median [Q1,Q3]

Heart rate (bpm), median [Q1,Q3]

Systolic blood pressure (mmHg), median [Q1,Q3]

Creatinine (mg/dL), median [Q1,Q3]

13.86 [12.57, 14.82]
70.00 [60.00, 81.00]
127.00 [112.00, 143.00]
093 [0.79, 1.11]

13.70 [12.25, 14.82]
69.00 [60.00, 80.00]
130,00 [114.00, 146.00]
0.95 [0.81, 1.14]

ST-segment deviation, n (%) or % 2396 (57.7) 768 (30.0)
Abnormal cardiac enzymes, n (%) or % 2559 (60.5) 1184 (44.6)
Cardiac arrest at admission, n (%) or % 169 (4.0) 107 (4.0)
Killip class, n (%) or %

| 3293 (81.0) 2090 (81.6)
I 630 (15.5) 354 (13.8)
Il 114 (2.8) 87 (3.4)
\% 28 (0.7) 31(1.2)

Ejection fraction (%), median [Q1,Q3]
eGFR (mL/min/1,73 m2), median [Q1,Q3]
Anatomy and procedural data

47.00 [35.00, 62.00]
63.44 [50.57, 80.76]

47.00 [35.00, 62.00]
61.69 [48.96, 77.58]

Multivessel disease, n (%) or % 1981 (45.6) 1395 (50.6)
Percutaneous coronary intervention with DES implantation, n (%) or % 4347 (100.0) 2759 (100.0)
Complete revascularization, n (%) or % 3309 (76.1) 2142 (77.6)
Intervention

Percutaneous coronary intervention, n (%) or % 4347 (100) 2759 (100)
Medical therapy at discharge

Antiplatelet therapy, n (%) or % 3662 (84.2) 2345 (85.0)
Beta blockers, n (%) or % 2229 (51.3) 1214 (44.0)
ACE-inhibitor/ARB, n (%) or % 1870 (43.0) 1026 (37.2)
Statins, n (%) or % 2527 (58.1) 1270 (46.0)
Proton-pump inhibitor, n (%) or % 2190 (50.4) 1161 (42.1)
Oral anticoagulation, n (%) or % 466 (10.7) 309 (11.2)
Adverse outcomes

In-hospital mortality, n (%) or % 0 (0) 71 (2.5)
One-year mortality, n (%) or % 145 (3.3) 156 (5.6)

Values are n (%), or median [interquartile range]. ACE, angiotensin-converting enzyme; ACS, acute coronary syndrome; ARB, angiotensin receptor blockers; BMI, body mass index; DES,
drug-eluting stent; eGFR, estimated glomerular filtration rate [using the Modification of Diet in Renal Disease (MDRD) equation]; NSTE-ACS, non-ST-elevation acute coronary syndrome;

STEMI, ST-elevation myocardial infarction.
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0.82), P=0.2], as shown in Figure 2. The PRAISE score [CIL —0.56
(95% ClI —0.73, —0.39)] showed near-perfect calibration for low mor-
tality probabilities (0-5%). For predicted probabilities beyond 5%, the
PRAISE score overestimated the risk of mortality. The GRACE 2.0
risk score overestimated the risk of mortality across the entire range
of predicted mortality probabilities [CIL —1.12 (95% CI —1.30, —0.95)].

Decision curve analysis of the PRAISE score did not show any im-
provement in risk prediction compared with the GRACE 2.0 score,
as depicted in Figure 4.

In complete case analysis only 1174 ACS patients treated with PCI
(27% of the patients) were included. Of these patients, a total of 63
(5%) died within one year after presentation. The c-statistic of
the PRAISE score was 0.79 (95% Cl 0.71, 0.85) and the model was
well-calibrated [CIL 0.05 (-0.21, 0.32)].

In additional analyses, the c-statistic of the PRAISE risk score in male
ACS patients treated with PCI (n = 3127) was 0.77 (95% C10.71, 0.82),
and 0.71 (95% Cl 0.62, 0.80) in female ACS patients treated with PCI
(n="1177). These results are shown in Supplementary material online,
Table Sé.

Discussion

In this study, two machine learning-based risk scores (GRACE 3.0 and
PRAISE) were validated in a population of patients with ACS who
were treated with PCl in a tertiary centre. The GRACE 3.0 risk score,
evaluated in 2759 patients with NSTE-ACS treated with PCI, showed ex-
cellent discriminative performance for predicting in-hospital mortality.
The GRACE 3.0 risk score was more clinically useful as a risk prediction
tool compared with the GRACE 2.0 score, as shown by the decision
curve analysis. The PRAISE score, evaluated in 4347 ACS patients treated
with PCI, showed moderate discrimination for predicting one-year mor-
tality. The PRAISE score overestimated the risk of one-year mortality for
patients with ACS treated with PCl with a predicted risk greater than 5%
and did not provide a significant benefit over the GRACE 2.0 score.
The GRACE 3.0 score was developed using prospective data from
386,591 patients with NSTE-ACS in England, Wales, and Northern

Ireland. Wenzl et al. demonstrated comparable discriminatory per-
formance to that observed in this study during validation in cohorts
of external centres.'"*° The high discriminative ability can be explained
by the machine learning model (XGBoost) that uses multiple decision
trees to achieve optimal classification. In addition to the GRACE 2.0
score, the GRACE 3.0 score incorporates sex by utilizing separate ma-
chine learning models for male and female patients, which provides a
more personalized sex-specific output. Previous studies have shown
that the GRACE 2.0 score has suboptimal agreement between the pre-
dicted and observed risk of in-hospital mortality and one-year mortal-
ity.é’”'37 The results of our study provide suggestive evidence that the
GRACE 3.0 score could be a valuable tool for clinicians in assessing in-
hospital mortality risk.

The PRAISE score was developed and validated by Ascenzo et al,'?
who found a high discriminatory performance [c-statistic 0.92 (95% ClI
0.90, 0.93)] for this score in an external cohort. Differences in the patient
population between our study and the study by Ascenzo et al. may ex-
plain the limited ability of the risk score to generalize to a new population.
In particular, the median eGFR and ejection fraction were higher in the
patients of the study of Ascenzo et al., which are important predictive fac-
tors of mortality in the PRAISE score."? Shi et al.*® validated the PRAISE
score in an Asian population (6412 ACS patients treated with PCI) and
demonstrated that the PRAISE had a slightly greater net benefit com-
pared with the GRACE 2.0 score. In line with Shi et al,, the results of
our study suggest that retraining of the PRAISE model on our dataset
is required to improve the prediction of mortality for this risk score.

The PRAISE score was calculated using 25 variables, including ana-
tomical and procedural data. Anatomical and procedural data have
been previously incorporated into mortality prediction scores,’ such
as vascular access site,*® number of diseased coronary arteries,*'™*
and location of significant lesions.** The impact of anatomical and pro-
cedural data in a machine learning model for risk prediction has been
investigated in only a limited number of studies. Zack et al.** demon-
strated that their model outperformed logistic regression (c-statistic
0.88 vs. c-statistic 0.81) for predicting long term (180-day) mortality
using 410 variables, including angiographic and interventional details.
In addition, Mori et al.*® trained a XGBoost model on angiographic
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Figure 3 Calibration plots of the GRACE 3.0 risk score, PRAISE risk score, and GRACE 2.0 risk score. Legend: The calibration (agreement between
predicted and actual observed risk) and frequency (number of patients falling within each predicted risk category) plots are depicted for the GRACE 2.0
(in-hospital mortality, Plot A), GRACE 3.0 (in-hospital mortality, Plot B), GRACE 2.0 (one-year mortality, Plot C), and PRAISE (one-year mortality, Plot
D). Numbers are reported with 95% confidence intervals. CIL = calibration-in-the-large; CS = calibration slope.

data of 378 572 patients treated with CABG to predict multiple out-
comes and demonstrated improved risk stratification compared with
machine learning models trained on clinical data alone. These findings
suggest that further research is needed to establish a set of important
anatomical and procedural features to further explore the potential of

machine learning for optimizing risk stratification in ACS patients trea-
ted non-conservatively. It is important to note that calculating a risk
score involving a large number of variables via calculators can increase
clinicians’ workload. Automatic calculation and integration in electronic
health records can help clinicians predict the risk for individual patients.
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Figure 4 Decision curve analysis for the GRACE 3.0 risk score, GRACE 2.0 risk score, and the PRAISE risk score. Decision curve analysis of the
GRACE 3.0 and GRACE 2.0 (Plot A), and PRAISE and GRACE 2.0 (Plot B). The y-axis represents the net benefit (a weighted combination of true
and false positives, determined by the threshold probability) and the x-axis represents the threshold probability. A higher net benefit at a certain thresh-
old probability indicates that the risk score is more clinically useful at that threshold probability for predicting mortality. Plot A demonstrates that the
GRACE 3.0 risk score was more effective in selecting patients who require close monitoring compared with monitoring all patients closely (‘Always act’)
and compared with the GRACE 2.0 risk score. Plot B demonstrates that the PRAISE score did not provide a significant benefit over the GRACE 2.0

score across different threshold probabilities.

The number of clinical prediction models is growing exponentially.
However, only a fraction of these models is validated in an external
cohort. Wessler et al. demonstrated that only 42% of the cardiovascular
clinical prediction models were validated in an external cohort.* External
validation is needed to determine the generalizability of a model, especial-
ly in models that are trained on small datasets. External validation is a pre-
requisite before implementing a model in clinical practice®’ In the
context of patients with ACS, a risk model can have implications for
treatment decisions by, for example, selecting the right patients who
may require close monitoring, aggressive management of risk factors,
extended hospital stay, additional interventions, or for prioritizing treat-
ment. Therefore, validation of these machine learning models in diverse
clinical settings is important, to which our study contributes.

Several remarks can be made about this study. First, patients were
retrospectively included in our study, which resulted in missing data.
Complete case analysis and all-case analysis did not show significant differ-
ences in the performance of the GRACE 3.0 score. The PRAISE score
overestimated the risk of one-year mortality in all-case analysis, while
the risk score demonstrated nearly perfect calibration in complete case
analysis. These findings may be explained by the substantial number of pa-
tients who had missing data, with variables missing in up to 61% of the pa-
tients. Excluding patients with missing data from analysis resulted in a
different risk distribution compared with the entire population, with high-
er rates of mortality (5.0% vs. 3.3%). Second, the GRACE 3.0 score ap-
peared to be more clinically useful compared with the GRACE 2.0
score. The GRACE 3.0 score was originally developed on a population
of NSTE-ACS patients in which 36% females and 64% males underwent
PCI. It was not specifically tailored for patients who underwent PCl, as
in our study. It is possible that we have primarily selected patients with
a lower clinician-assessed risk of poor outcomes compared with the ori-
ginal GRACE 3.0 cohort of Wenzl et dl. due to the risk-treatment

|:>aradox,("48‘49 in which clinicians might be hesitant to perform an invasive

procedure in patients with a high risk of adverse outcomes. Further assess-
ment is needed in an untreated ACS population to confirm the generaliz-
ability of the GRACE 3.0 score for risk stratification. Third, the available
data limited our ability to investigate the performance of the PRAISE
risk score (recurrent ACS, major bleeding) beyond all-cause mortality
and to evaluate other risk scores (e.g. PARIS and PRECISE-DAPT risk
scores). Fourth, the combination of the single-centre design and the low
number of in-hospital mortality events necessitates larger datasets to con-
clusively assess the performance of the evaluated risk scores. Fifth, a
strength of the study is that the machine learning-based risk scores
were compared with the GRACE 2.0 score, which is recommended by
the ESC guidelines for risk assessment in patients with ACS.?

Conclusion

In conclusion, this study in ACS patients treated with PCl provides sug-
gestive evidence that the GRACE 3.0 score effectively predicts in-
hospital mortality beyond the GRACE 2.0 score. In our dataset, the
PRAISE score showed limited potential for predicting one-year mortal-
ity and did not enhance clinical decision making compared with the
GRACE 2.0 score. Further external validation of GRACE 3.0 and
PRAISE in larger prospective multi-centre patient cohorts including pa-
tients without PCl is warranted.

Supplementary material

Supplementary material is available at European Heart Journal — Digital
Health.
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