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Aims While heart failure (HF) symptoms are associated with adverse prognosis after myocardial infarction (Ml), they are not rou-
tinely used for patients’ stratification. The primary objective of this study was to develop and validate a score to predict
mortality risk after MI, combining remotely recorded HF symptoms and clinical risk factors, and to compare it against
the guideline-recommended Global Registry of Acute Coronary Events (GRACE) score.

Methods A cohort study design using prospectively collected data from consecutive patients hospitalized for Ml at a large tertiary heart
and results centre between June 2017 and September 2022 was used. Data from 1135 patients (aged 64 + 12 years, 26.7% women),
were split into derivation (70%) and validation cohort (30%). Components of the 23-item Kansas City Cardiomyopathy
Questionnaire and clinical variables were used as possible predictors. The best model included the following variables:
age, HF history, admission creatinine and heart rate, ejection fraction at hospital discharge, and HF symptoms 1 month after
discharge including walking impairment, leg swelling, and change in HF symptoms. Based on these variables, the PragueMi
score was developed. In the validation cohort, the PragueMi score showed superior discrimination to the GRACE score
for 6 months [the area under the receiver operating curve (AUC) 90.1, 95% confidence interval (Cl) 81.8-98.4 vs. 77.4,
95% Cl 62.2-92.5, P = 0.04) and 1-year risk prediction (AUC 89.7, 95% CI 83.5-96.0 vs. 76.2, 95% Cl 64.7-87.7, P = 0.004).

Conclusion The PragueMi score combining HF symptoms and clinical variables performs better than the currently recommended
GRACE score.

Lay summary o The prognosis of patients after myocardial infarction is heterogeneous. Thus, risk stratification is needed to identify and
intervene patients at increased risk. While heart failure (HF) symptoms are associated with adverse prognosis, they are
not used for patients’ stratification.

e We have developed and internally validated the PragueMi score, which integrates clinical risk factors at the time of hos-
pitalization and HF symptoms determined remotely by a questionnaire 1 month after hospital discharge.

e PragueMiscore was able to better stratify patients’ risk as compared with the currently recommended Global Registry of
Acute Coronary Events score.
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Graphical Abstract

PragueMi score

Prediction model after Ml combining clinical risk factors and remotely determined HF symptom

1,135 consecutive patients after Ml
Age: 64 (25-91) years

Men: 73.3%

Derivation cohort (N= 795)
Validation cohort (N= 340)

Kaplan—Meier survival estimates
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Total mortality Number at risk
Pragueli = <13 196 181 129 54
PragueMi = 13-18 700 621 410 181
PragueMi = 19.21 122 98 64 20
PragueMi=>21 115 76 50 14

PragueMi score combining:

Age, HF history, admission creatinine
and heart rate, ejection fraction at
discharge, HF symptoms 1 month after
discharge: walking impairment, leg
swelling, and change in heart disease
symptoms.

Myocardial infarction ® Heart failure ® Symptoms e Risk prediction ® Questionnaire ® Mortality

Keywords

Introduction

For optimal management of patients recovering from a myocardial
infarction (M), identification of individuals at increased risk of adverse
outcomes is essential. This allows targeted proactive interventions in
at-risk patients to improve their symptoms, function, and survival.
The Global Registry of Acute Coronary Events (GRACE) score has
been recommended by the guidelines to stratify patients’ risk after
MI." However, discrimination of the GRACE model for 1-year mortality
evaluated by the area under the receiver operating curve (AUC) is
within the 0.82-0.89 range. Thus, a better performing model is of
clinical need.

Heart failure (HF) is a common complication of MI, developing in up
to 40% of patients and increasing total mortality risk by three-fold.> The
GRACE score evaluates HF using the Killip class. However, the Killip
classification evaluates only pulmonary congestion, neglecting other
HF symptoms. Furthermore, many patients develop HF symptoms
early after hospital discharge. Interestingly, HF developing later after
Ml is associated with higher mortality risk as compared with HF devel-
oping at Ml presentation.* Thus, evaluation of HF symptoms and signs is
an important goal of post-discharge visits.

For decades, clinicians have been using unstructured questions on HF
symptoms. Nevertheless, unstructured questioning is time-consuming,
influenced by the physician’s subjective interpretation, and may not be
consistently done in all patients, and as such limits actionability. Our
previous research showed that structured HF symptom evaluation
using the Kansas City Cardiomyopathy Questionnaire (KCCQ) identi-
fies HF symptoms in two out of five patients after MI> and identifies pa-
tients at increased mortality risk.° We hypothesized that the integration
of HF symptoms with clinical risk factors may provide superior risk pre-
diction after M| beyond the GRACE score. This may better define a

Conclusion

PragueMi score has a better predictive value than the GRACE score.

PragueM = <13
PragueM = 19-21

PragueM = 13-18
PragueM = >21

high-risk group that may benefit from a more proactive approach
and pharmacological and non-pharmacological therapy of HF.

The objectives of this study were as follows: (i) to select KCCQ items
and clinical factors associated with total mortality risk after Ml, (i) to
create a prognostic score (PragueMl score) based on identified vari-
ables in the derivation cohort, and (iii) to compare the predictive value
of the PragueMi score against the GRACE score in the validation
cohort.

Methods

Population

In this cohort design study, we have used data from the prospective
Institute for Clinical and Experimental Medicine Acute Myocardial
Infarction Registry (AMBITION registry).” The registry collects clinical
data and biospecimens from consecutive patients hospitalized for acute
coronary syndrome since June 2017 at the Institute for Clinical and
Experimental Medicine, Prague, Czech Republic, a tertiary heart centre
with around-the-clock coronary intervention service. The Fourth
Universal Definition of Myocardial Infarction has been used® Patients
underwent a detailed interview during their hospital stay, and additional in-
formation was obtained from medical record abstraction and laboratory
studies. One month after discharge, patients were asked to complete the
23-item KCCQ. Because most patients did not have HF, in the question-
naire, we have replaced ‘heart failure’ with ‘heart disease’. The patients
had a choice of completing the KCCQ through an online application or
on a paper form returned by regular mail.

The inclusion criterion was hospitalization for Ml between June 2017 and
September 2022. Patients with missing KCCQ were excluded from this
analysis. Death was ascertained through June 2023. Mortality data were
provided by the Institute of Health Information and Statistics of the
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Czech Republic (UZIS), which keeps a list of all deceased persons and dates
of death in the Czech Republic by law. This study was approved by a local
ethics committee and complies with the Declaration of Helsinki.

Primary outcome
The primary outcome of the analysis was all-cause mortality.

Global Registry of Acute Coronary Events

score

The Eagle model estimates for death within 6 months after discharge was
used.” Variables included in the model were age, heart rate, systolic blood
pressure, creatinine level, troponin elevation, ST segment depression on ini-
tial electrocardiogram (ECG), previous history of Ml and HF, and percutan-
eous coronary intervention (PCl).

Statistical methods

Continuous variables are presented as mean and SDs or medians and inter-
quartile range (IQR). Nominal variables are shown as counts and percentages.

All consecutive patients hospitalized for MI between June 2017 and
September 2022 were included in this analysis. No formal power calculation
was performed.

To identify factors associated with mortality risk after MI, we have used
restricted cubic splines adjusted for age. This allowed us to detect non-
linear associations and to categorize continuous variables. We have used
Cox regression with both forward and backward selection to identify fac-
tors independently associated with the mortality risk. Potential variables se-
lection was based on a literature search and included the following factors:
age, admission heart rate, systolic blood pressure, creatinine level, fasting
glycaemia, glycated haemoglobin, haemoglobin, maximal troponin level,
ST segment depression on initial ECG, ST-elevation myocardial infarction
(STEMI), previous history of MI, HF or PCl, ejection fraction at hospital dis-
charge, and KCCQ items. Variables independently associated with the mor-
tality risk in the derivation cohort were used for the PragueMi score
creation. We have used regression coefficients to create relative weights
for each category. To compare the performance of the PragueMi score
as compared with the GRACE score, we have used the following methods:
(i) assessment of the difference in the area under the receiver operating
characteristic curve (AUC), (i) the Brier score, and (iii) the continuous
net reclassification improvement (NRI).

The AUC is an overall measure of model discrimination. It measures the
model’s ability to distinguish between patients with and without events. The
AUC ranges from 0 to 1, where 0.5 indicates a random classification and 1
signifies a perfect classifier. To compare differences in AUC, we have used
the Delong—Delong test using the R riskRegression package.'®

The Brier score is a measure of model calibration. It is calculated as the
mean squared difference between the predicted probability and the actual
outcome. The Brier score for a perfectly calibrated model is 0."" The
riskRegression package was also used to calculate the Brier score at differ-
ent time points.

The NRI quantifies how well a new model reclassifies subjects—either
appropriately or inappropriately—as compared with an old model."* We
have used the R nricens package for continuous NRI calculation.

Statistical analyses were conducted with R statistical software version
4.2.2 (R Foundation for Statistical Computing, Vienna, Austria), SPSS ver-
sion 25.0 (IBM Corporation, Armonk, NY, USA), and STATA version 17
(StataCorp, College Station, TX, USA). All statistical tests and confidence
intervals were two sided with a significance level of 0.05.

Results

Population

Between June 2017 and September 2022, 1769 patients were hospita-
lized for MI. Of these, 69 (3.9%) had missing KCCQ due to death within
1 month after hospital discharge. In total, 1135 (66.8% of eligible) pa-
tients had available both clinical data and KCCQ that patients filled 1
month after hospital discharge. A comparison of patients with available
and missing KCCQ is shown in Supplementary material online, Table S1.

Table 1 Characteristics of the derivation and
validation cohort
Derivation Validation
cohort cohort
Total, No 795 340
Age, years 647 £11.5 63.7+£128
Female sex, n (%) 208 (26.2) 95 (27.9)
Risk factors
Current smoking, n (%) 331 (41.6) 126 (37.1)
Arterial hypertension, n (%) 507 (63.8) 208 (61.2)
Diabetes, n (%) 153 (19.2) 72 (21.2)
CVD history
Previous MI, n (%) 96 (12.1) 36 (10.6)
Heart failure history, n (%) 31 (3.9) 13 (3.8)
Previous PCl, n (%) 112 (14.1) 41 (12.1)
Previous CABG, n (%) 34 (43) 113.2)
Previous stroke, n (%) 49 (6.2) 23 (6.8)
Clinical characteristics at Ml presentation
STEMI, n (%) 471 (59.2) 211 (62.2)
Heart rate, b.p.m. 76 +18 77 £19
Systolic BP, mmHg 144 + 26 146 +25
Cardiac arrest, n (%) 23 (2.9) 11(32)
Killip class
I, n (%) 650 (81.8) 287 (84.4)
I, n (%) 115 (14.5) 42 (12.4)
I, n (%) 21 (2.6) 9 (2.6)
IV, n (%) 9(1.1) 2 (0.6)
Creatinine, mmol/L 83.8 (71.5-100.5)  83.1 (70.5-100.6)
ST depression, n (%) 125 (15.7) 40 (11.8)
EF below 35%, n (%) 112 (14.1) 44 (12.9)
Outcomes
Primary composite outcome, 105 (13.2) 43 (12.6)
n (%)
Death, n (%) 103 (13.0) 43 (12.6)

CABG, Coronary artery bypass grafting; STEMI, ST-elevation myocardial infarction; BP,
blood pressure; EF, ejection fraction.

Patients not included in this analysis due to missing KCCQ were slightly
older and required more often cardiopulmonary resuscitation before
hospital admission, while maximal troponin and mortality were similar
in those included and not included in this analysis. The study
CONSORT diagram is shown in Supplementary material online,
Figure S1.

During a median follow-up of 46 months (IQR 29-61), 146 (12.9%)
patients died. The study population was randomly split into derivation
(70%, n=795) and validation cohort (30%, n = 340).

Model development

Demographic characteristics of the 795 patients in the derivation co-
hort are shown in Table 1. Restricted cubic splines for age and
age-adjusted continuous variables are shown in Figure 1. Based on cubic
splines, categories of continuous variables were created and used in the
multivariate Cox model. Forward and backward variable selection was
used to create the final model. The final model included the following
variables: age, HF history, admission creatinine and heart rate, ejection
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Table 2 PragueMi score

Variables

Levels

7.

Age, years

Creatinine, pmol/L

Heart rate, /min

Discharge EF, %

Heart failure history

46-49
50-69
70-79
>80
<100
100-119
120-159
>160
<50
50-69
70-99
>100
<35

Walking 1 block on ground level

Extremely limited
Quite a bit limited
Moderately limited
Slightly limited
Not at all limited

Limited for other reasons

W =2 2 W N AW DN a0

- = NN BN

4

Compared with 2 weeks ago, have your symptoms of

heart disease (shortness of breath, fatigue, or ankle

swelling) changed? My symptoms have become

Much worse
Slightly worse
Not changed
Slightly better
Much better

I've had no symptoms

= A NN W W

Over the past 2 weeks, how much has swelling in your

feet, ankles, or legs bothered you? It has been

Extremely bothersome
Quite a bit bothersome
Moderately bothersome
Slightly bothersome
Not at all bothersome

I've had no swelling

G )

Creatinine level and heart rate at hospital admission.

Walking impairment, change in symptoms, and leg oedema evaluated at 1 month after

hospital discharge.

fraction at hospital discharge, and HF symptoms evaluated by the
KCCQ 1 month after discharge, which included walking impairment,
leg swelling, and the change in heart disease symptoms over the last
2 weeks. Based on the regression coefficients in the final model, the
PragueMi score was developed (Table 2). In the derivation cohort,
the PragueMi score showed superior discrimination and calibration as

compared with the GRACE score (Table 3).

Table 3 Grace and PragueMi scores comparison in the derivation (Table A) and validation cohort (Panel B)

Reclassification
NRI-

NRI

Model calibration

Delta Brier score

Model discrimination

Grace score AUC (95% CI)

P NRI+

P

PragueMi score AUC (95% CI)

Time (months)

Table A
6

1.00 (0.98-1.00)
0.94 (0.93-1.00)
0.87 (0.83-0.92)
0.82 (0.80-0.85)
0.39 (0.39-0.52)

1.00 (1.00-1.00)
111 (1.00-1.27)
1.60 (1.40-2.20)
1.57 (1.28-1.71)
1.45 (1.28-2.30)

2.00 (1.98-2.00)
2,05 (1.97-2.23)
247 (2.26-3.11)
2.39 (2.08-2.54)

0.01

~0.4 (0.7 to =0.1)
~08 (1.3 to -0.2)
~1.3 (=20 to —0.6)
~1.3 (=20 to —0.6)
~1.7 (=26 to —0.8)

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001

95.0 (91.5-98.4)

75.1 (64.7-85.4)

0.004
<0.001
<0.001
<0.001

90.1 (84.5-95.7)

747 (66.7-82.7)

12
18
24
36

87.0 (81.1-92.9)

73.4 (66.0-80.8)

86.4 (80.9-91.9)

72.2 (65.1-79.3)

1.85 (1.66-2.83)

82.3 (76.4-88.1)

67.9 (61.4-74.4)

Table B

0.59 (0.25-0.72)
0.59 (0.51-0.78)
0.60 (0.38-0.65)
0.58 (0.54-0.65)
0.58 (0.52-0.68)

0.54 (0.16-0.80)
0.56 (0.20-1.00)
0.54 (0.30-0.88)
039 (0.08-0.74)

113 (0.42-1.34)
115 (0.85-1.72)
1.14 (0.88-1.40)
0.97 (0.64-1.38)
0.85 (0.55-1.05)

0.099

-0.5 (-1.1t0 0.1)
—0.7 (-1.4 to0 0.0)

0.04

90.1 (81.8-98.4)

77.4 (62.2-92.5)

0.068

0.004
0.002

89.7 (83.5-96.0)

76.2 (64.7-87.7)

12
18
24
36

0.005

—1.4 (=23 to —0.4)
—1.4 (=24 to —0.4)
~1.6 (-2.8 to —0.3)

85.6 (76.5-94.6)

71.8 (60.7-82.8)

0.007
0.016

0.003

84.3 (76.5-92.1)

73.3 (64.0-82.5)

027 (~0.02-0.49)

0.0009

80.1 (72.1-88.2)

69.0 (59.7-78.2)
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Kaplan—Meier survival estimates
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Figure 2 Kaplan—Meier survival curves by PragueMi categories.

Table 4 PragueMi score performance in different
subgroups

Variables AUC (95% CI) P

Sex
Male 0.87 (0.85-0.89) 0.41
Female 0.91 (0.87-0.94)

Age, years
<60 0.94 (0.91-0.96) 0.19
>60 0.84 (0.81-0.87)

eGFR, mL/min/1.73 m?
<60 0.83 (0.78-0.87) 0.87
>60 0.84 (0.82-0.87)

Diabetes
No 0.89 (0.87-0.91) 0.63
Yes 0.86 (0.81-0.90)

Ejection fraction, %
>40 0.87 (0.84-0.89) 0.58
<40 0.89 (0.85-0.93)

Ml type
Non-STEMI 0.86 (0.83-0.89) 0.41
STEMI 0.90 (0.88-0.92)

eGFR, estimated glomerular filtration rate; STEMI, ST-elevation myocardial infarction.

Model validation
The validation cohort included 340 patients. The PragueMi score
showed superior discrimination and calibration as compared with the

GRACE score (Table 3). Over several study time points, PragueMi im-
proved the continuous NRI, significantly improving both event and non-
event NRI (Table 3). While the AUC and Brier scores were similar in
the derivation and validation cohort, NRI was lower in the validation co-
hort probably due to lower statistical power in a smaller cohort.

Risk categories of the PragueMi score

Due to similar model performance in the derivation and validation co-
hort, we have combined them and created PragueMi risk categories
based on observed risk. The Kaplan—Meier curves by PragueMi score
categories are shown in Figure 2. The 196 patients (17.3% of the study
cohort) with PragueMi score of <13 had excellent prognosis, with
100% event-free survival at 2 years. On the other hand, event-free sur-
vival in patients with PragueMi> 21 (10% of the study cohort) was
82.1% at 6 months and 77.8% at 1 year. The PragueMi score perform-
ance was consistent in different subgroups (Table 4).

Discussion

In this study, we show that HF symptoms evaluated remotely using a
questionnaire possess an important prognostic value that adds to
clinical risk factors. Our PragueMi score based on five clinical variables
and three HF symptoms has superior discrimination, calibration, and
risk reclassification properties as compared with the currently
guideline-recommended GRACE score based only on clinical risk
factors.

The prognosis of patients after Ml is very heterogeneous."® Thus, the
identification of patients at increased mortality risk is of clinical need.
This allows a personalized approach to secondary prevention with
intervention targeted at individuals that benefit the most.

Until now, the prediction models after Ml have been only based on
clinical risk factors, neglecting patients’ symptoms. However, for
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decades, clinicians have been searching for HF symptoms in patients
after Ml to identify at-risk individuals and to modify treatment accord-
ingly."* Yet, this approach is time-consuming, influenced by provider
skills and subjective interpretation.”> Patient-reported outcomes
coupled with modern telemedicine options allow the remote collection
of patients’ symptoms and empower patients to become a valuable
source of clinically important data, without increasing the burden on
the provider.'

Several previous studies have shown the utility of the KCCQ to pre-
dict prognosis in patients after MI.*"®"” No previous study evaluated
the utility of combining patient-reported outcomes with clinical risk fac-
tors after MI. As KCCQ was developed for HF patients, not all items are
relevant in patients after ML. In this study, we have identified that among
the 23 KCCQ items, walking limitation, leg oedema, and change in heart
disease symptoms over the last 2 weeks have the greatest predictive va-
lue among patients after Ml.

In the present study, we have decided to evaluate HF symptoms
1 month after hospital discharge instead of evaluating them during
the hospital stay. This decision was based on the fact that in many pa-
tients, HF symptoms develop later after discharge due to left ventricular
remodelling. Furthermore, functional requirements for everyday living
are higher outside of the hospital; thus, the patient may not recognize
the newly developed limitations during the hospital stay.

In clinical settings, the PragueMi score may be particularly useful
during post-discharge outpatient visits and also for remote monitoring
of patients after discharge to identify high-risk patients who may bene-
fit from closer follow-up and advanced therapies. As compared with
other prediction scores that are based only on clinical variables, a po-
tential barrier of the PragueMi score is that it also requires patients’
symptoms evaluation. However, it includes only three easy-to-answer
questions, which may also be answered remotely before the out-
patient visit using an online questionnaire or dedicated app, thus
decreasing the burden on providers. Furthermore, identifying HF
symptoms before the outpatient visit may help to streamline the visit
to this important issue.

Among discharged patients, the PragueMi score > 21 identified 10%
of the population as very high risk, with 18% 6-month and 22%
12-month mortality rates, respectively. Timely identification of these
patients followed by initiation or up-titration of HF pharmacotherapy
and referral for advanced HF therapies such as heart transplant and
left ventricular assist device has the potential to improve prognosis in
these high-risk patients. Based on results of the STRONG-HF'® study
with rapid up-titration of HF pharmacotherapy, a meta-analysis of so-
dium-glucose transport protein 2 inhibitors use in HF,"® and sacubi-
tril-valsartan studies results”® we estimate that a multifactorial
intervention targeted at these high-risk patients may decrease the mor-
tality risk by at least 20—30%. Future randomized studies will be needed
to test whether clinical decision-making based on the PragueMi score
will lead to an improvement in clinical outcomes.

Study limitations

First, this is a single-centre study; thus, the model performance was only
internally validated. Because no previous study systematically collected
KCCQ 1 month after hospital discharge, we were unable to externally
validate our model. This may limit the generalizability of our findings.
However, the characteristics of our cohort are very similar to other re-
cent cohorts of patients after ML.?" In the future, the performance of
our model needs to be tested in other cohorts. Second, due to missing
KCCQ in some patients, our results may be the subject of a selection
bias. However, while there were some statistically significant differ-
ences between patients with and without KCCQ available, clinically
these differences are negligible. Thus, we assume that these missing
data do not affect the generalizability of our results. Furthermore, in
this study, we have identified the three most predictive items of the

KCCQ. This reduction in the number of questions may improve the re-
sponse rate in future studies. Third, data required for the PragueMi
score were collected at different time points. Automated data collec-
tion of in-hospital data together with remote HF symptoms evaluation
online or using an app may help to integrate PragueMi score into every-
day practice without additional burden on clinicians.

The strengths of our study include a well-defined systematically col-
lected cohort of consecutive Ml patients with multiple clinical factors
and remote HF symptoms evaluated as possible predictors of mortality
risk.

Conclusion

Heart failure symptoms evaluated remotely using a questionnaire pos-
sess an important prognostic value that adds to clinical risk factors. The
PragueMi risk score combines these predictors and has superior dis-
crimination, calibration, and risk reclassification properties compared
with the guideline-recommended GRACE score. Future studies will
have to address whether clinical decision-making based on the
PragueMi score can significantly improve the care of patients after Ml.
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Supplementary material is available at European Journal of Preventive
Cardiology.

Author contributions

P.W. conceived and designed the study and analysed the data. M, DJ,
M.Z., MS. and MK collected the data. All authors were involved in writing
and revising the manuscript and approved the final version. P.W. is the guar-
antor of this work and as such has full access to all the data and takes re-
sponsibility for the integrity of all data and the accuracy of the data analysis.

Funding

This study was supported by the Ministry of Health of the Czech Republic
(grant number NV 19-09-00125) and by the project National Institute for
Research of Metabolic and Cardiovascular Diseases (Programme EXCELES,
Project No. LX22NPO5104)—funded by the European Union—Next
Generation EU.

Conflict of interest: none declared.

Data availability

The data that support the findings of this study are available from the cor-
responding author (P.W.) upon reasonable request.

References
1. Byrne RA, Rossello X, Coughlan JJ, Barbato E, Berry C, Chieffo A, et al. 2023 ESC guide-
lines for the management of acute coronary syndromes: developed by the task force on
the management of acute coronary syndromes of the European Society of Cardiology
(ESC). Eur Heart | 2023;44:3720-3826.

. Obradovic D, Loncar G, Zeymer U, Péss |, Feistritzer H-, Freund A, et al. Impact of an-
aemia and iron deficiency on outcomes in cardiogenic shock complicating acute myo-
cardial infarction. Eur | Heart Fail 2023. Online ahead of print.

3. Jenca D, Melenovsky V, Stehlik ], Stan&k V, Kettner ], Kautzner ), et al. Heart

failure after myocardial infarction: incidence and predictors. ESC Heart Fail 2021;8:222-237.

4. Gerber Y, Weston SA, Enriquez-Sarano M, Berardi C, Chamberlain AM, Manemann SM,
et al. Mortality associated with heart failure after myocardial infarction: a contemporary
community perspective. Circ Heart Fail 2016;9:002460.

. Wohlfahrt P, Jenta D, Stehlik |, Melenovsky V, Mrazkova J, Stanék V, et al. Heart
failure-related quality-of-life impairment after myocardial infarction. Clin Res Cardiol
2023;112:39-48.

N

(S}

20z Jequieoaq zz uo 1senb Aq 0020€92/€ 1L L/¥L/LE/ePIE/RdING/ W00 dNo"dlWepEeo.)/:Sd)y WOy papeojumoq


http://academic.oup.com/eurjpc/article-lookup/doi/10.1093/eurjpc/zwae114#supplementary-data

1720

P. Wohlfahrt et al.

. Wohlfahrt P, Jenca D, Melenovsky V, Stehlik ], Spertus JA, Mrazkova J, et al. Remote

heart failure symptoms assessment after myocardial infarction identifies patients at
risk for death. | Am Heart Assoc 2024;13:e032505.

. Wohlfahrt P, Jen¢a D, Melenovsky V, Sramko M, Kotré M, Zelizko M, et al. Trajectories

and determinants of left ventricular ejection fraction after the first myocardial infarction
in the current era of primary coronary interventions. Front Cardiovasc Med 2022;9:
1051995.

. Thygesen K, Alpert JS, Jaffe AS, Chaitman BR, Bax JJ, Morrow DA, et al. Fourth universal

definition of myocardial infarction (2018). Circulation 2018;138:¢618—e651.

. Eagle KA, Lim MJ, Dabbous OH, Pieper KS, Goldberg R}, Van de Werf F, et al. A vali-

dated prediction model for all forms of acute coronary syndrome: estimating the risk
of 6-month postdischarge death in an international registry. JAMA 2004;,291:
2727-2733.

. DeLong ER, DeLong DM, Clarke-Pearson DL. Comparing the areas under two or more

correlated receiver operating characteristic curves: a nonparametric approach.
Biometrics 1988;44:837—845.

. Gerds TA, Schumacher M. Consistent estimation of the expected Brier score in general

survival models with right-censored event times. Biom | 2006;48:1029-1040.

. Uno H, Tian L, Cai T, Kohane IS, Wei LJ. A unified inference procedure for a class of

measures to assess improvement in risk prediction systems with survival data. Stat
Med 2013;32:2430-2442.

. Spencer FA, Meyer TE, Gore JM, Goldberg R|. Heterogeneity in the management and

outcomes of patients with acute myocardial infarction complicated by heart failure.
Circulation 2002;105:2605-2610.

14.

15.

16.

17.

18.

19.

20.

21.

Mohammad Rizwan A, Carolyn SPL, Anna S, Simon PPH, Sarah B, Francesco Z, et al.
Symptoms and signs in patients with heart failure: association with 3-month hospitalisa-
tion and mortality. Heart 2024;110:578-585.

Wohlfahrt P, Stehlik J, Pan IZ, Ryan ). Empowering people living with heart failure. Heart
Fail Clin 2020;16:409-420.

Kosiborod M, Soto GE, Jones PG, Krumholz HM, Weintraub WS, Deedwania P, et al.
Identifying heart failure patients at high risk for near-term cardiovascular events with
serial health status assessments. Circulation 2007;115:1975-1981.

Soto GE, Jones P, Weintraub WS, Krumholz HM, Spertus JA. Prognostic value of health status
in patients with heart failure after acute myocardial infarction. Circulation 2004;110:546-551.
Mebazaa A, Davison B, Chioncel O, Cohen-Solal A, Diaz R, Filippatos G, et al. Safety,
tolerability and efficacy of up-titration of guideline-directed medical therapies for acute
heart failure (STRONG-HF): a multinational, open-label, randomised, trial. Lancet 2022;
400:1938-1952.

Cardoso R, Graffunder FP, Ternes CMP, Fernandes A, Rocha AV, Fernandes G, et al. SGLT2
inhibitors decrease cardiovascular death and heart failure hospitalizations in patients with
heart failure: a systematic review and meta-analysis. eClinicalMedicine 2021;36:100933.
Solomon SD, Vaduganathan ML, Claggett B, Packer M, Zile M, Swedberg K, et al.
Sacubitril/valsartan across the spectrum of ejection fraction in heart failure. Circulation
2020;141:352-361.

Mohammad MA, Olesen KKW, Koul S, Gale CP, Rylance R, Jernberg T, et al.
Development and validation of an artificial neural network algorithm to predict mortal-
ity and admission to hospital for heart failure after myocardial infarction: a nationwide
population-based study. Lancet Digit Health 2022;4:e37—e45.

20z Jequieoaq zz uo 1senb Aq 0020€92/€ 1L L/¥L/LE/ePIE/RdING/ W00 dNo"dlWepEeo.)/:Sd)y WOy papeojumoq



	Development and validation of a prognostic score integrating remote heart failure symptoms and clinical variables in mortality risk prediction after myocardial infarction: the PragueMi score
	Introduction
	Methods
	Population
	Primary outcome
	Global Registry of Acute Coronary Events score
	Statistical methods

	Results
	Population
	Model development
	Model validation
	Risk categories of the PragueMi score

	Discussion
	Study limitations

	Conclusion
	Supplementary material
	Author contributions
	Funding
	Data availability
	References


