Prediction of In-Hospital Atrial Fibrillation After Acute Myocardial Infarction
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Abstract

Atrial fibrillation (AF) is a relatively frequent complica-
tion of acute myocardial infarction (AMI). While AF pre-
diction has been extensively studied, the identification of
risk factors for early, new-onset AF (NOAF) after AMI in
the intensive cardiac care unit (ICCU) remains less ex-
plored. Specifically, to our knowledge, there are no re-
ported attempts at predicting in-hospital NOAF after AMI
using machine learning. In this study, we developed a ma-
chine learning model to predict in-hospital NOAF follow-
ing AMI. The dataset used for model development included
2445 consecutive AMI patients admitted to the ICCU of
Centro Cardiologico Monzino, out of which 241 (9.9%)
developed NOAF prior to ICCU discharge. Fifty-six fea-
tures encompassing demographic and clinical variables
were retrospectively collected and analysed. Several data
balancing, feature selection and classification techniques
were evaluated and compared by means of area under
the ROC curve (AUROC) through nested cross-validation.
The best-performing model combined an undersampling
step, based on the Edited Nearest Neighbors algorithm, a
mutual-information-based feature selection and a logistic
regression model. The model achieved an AUROC of 0.765
(95% CI: 0.732 — 0.795), exploiting both known and pre-
viously unreported markers.

1. Introduction

Acute myocardial infarction (AMI) represents one of the
leading causes of death and the main cause for cardiovas-
cular death worldwide [1]. Atrial fibrillation (AF) is a rel-
atively common complication of AMI, affecting between
2% and 22% of AMI cases [2], and is associated with in-
creased mortality [3]. New-onset AF (NOAF), without his-
tory of AF prior to the AMI, has been shown to remain
independently associated with increased risk of stroke, re-
currence and death [3—6]. Although AF prediction has
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been widely researched [7, 8], limited attention has been
given to identifying risk factors for early, new-onset AF
(NOAF) following AMI in the intensive cardiac care unit
(ICCU) [2,9-13]. In particular, to our knowledge, no stud-
ies have employed machine learning techniques to predict
in-hospital NOAF after AMI. We aimed, therefore, at fill-
ing this gap with the present study.

2. Materials and Methods

2.1. Study population

A dataset of 2445 consecutive patients admitted be-
tween 2010 and 2018 to the ICCU of Centro Cardio-
logico Monzino following AMI (ICCU admission within
24 hours from the AMI event) was retrospectively gath-
ered. The dataset included fifty-six features encompass-
ing demographic, clinical history, therapy at admission, in-
hospital complications and other clinical data. Out of 2445
patients, 241 (9.9%) developed NOAF prior to ICCU dis-
charge, with NOAF defined as occurrence of AF in the pe-
riod after hospital admission and before hospital discharge
in a patient without known chronic permanent AF or AF at
admission. Table 1 provides an overview of the main clini-
cal variables’ value distributions of the dataset, grouped by
prediction class - did or did not present NOAF.

2.2. Learning pipeline

To develop the prediction model, an extensive set of pre-
processing, data balancing, feature selection and classifi-
cation techniques were evaluated. Figure 1 displays the
general sequential structure of the learning pipeline; de-
pending on the classifier, the feature and data balancing
processes could be implicit. The different learning config-
urations were evaluated via nested cross-validation (nested
CV), to overcome test set selection bias, while perform-
ing hyperparameter selection with balanced accuracy as
optimization metric. Randomized search, limited to 100
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Table 1.

Value distributions of the main clinical variables by outcome class. Continuous variables are presented as

either mean + standard deviation or with median and interquartile ranges, in case of particularly skewed distributions.
Categorical data are presented as the number of subjects fulfilling the criterion, with the corresponding percentage value.
P-values where obtained comparing the SR (sinus rhythm) and AF distributions via the Mann-Whitney U test for continuous

variables, and the Chi-squared test for binary ones.

Variable SR (n =2204) AF (n=241) p-value
Age (years) 66 + 12 75+ 10 <0.0001
Male sex, n (%) 1647 (75%) 159 (66%) 0.003
Body weight (Kg) 76 + 14 74 £ 16 0.01
Hypertension, n (%) 1398 (63%) 194 (80%) <0.0001
Smokering history, n (%) 1191 (54%) 98 (31%) <0.0001
Prior myocardial infarction, n (%) 571 (26%) 77 (32%) 0.004
Prior coronary artery bypass graft, n (%) 255 (12%) 39 (16%) 0.03
Prior precutaneous coronary intervention, n (%) 578 (26%) 68 (28%) 0.48
Left ventricular ejection fraction (%) 51+ 11 43 +13 <0.0001
Atrioventricular Block/Pacemaker, n (%) 69 (3%) 18 (7%) 0.001
Laboratory values at hospital admission

Serum creatinine (mg/dL) 1.02 +0.44 1.23 +0.82 <0.0001
Estimated glomerular filtration rate (mL/min/1.73 m?) 79 £+ 26 68 +29 <0.0001
Hemoglobin (g/dL) 13.8+ 1.8 132+ 1.9 <0.0001
Blood glucose (mg/dL) 147 £+ 60 166 + 72 <0.0001
High-sensitivity troponin I (ng/L) 400 (70-2340) 1064 (130-6690)  0.0001*
High-sensitivity C-reactive protein (mg/L) 3.39(1.37-10.71)  7.06 (2.12-36.41) <0.0001*

Medication at hospital admission

Aspirin, n (%) 822 (37%) 100 (41%) 0.2
Statins, n (%) 747 (34%) 99 (42%) 0.02
Beta-blockers, n (%) 772 (35%) 104 (43%) 0.001
Angiotensin converting enzyme/Angiotensin receptor blockers, n (%) 859 (39%) 121 (50%) 0.001
In-hospital complications
Cardiogenic shock, n (%) 86 (4%) 35 (15%) <0.0001
Acute pulmonary edema, n (%) 150 (7%) 76 (32%) <0.0001
Ventricular tachycardia/ventricular fibrilation, n (%) 147 (7%) 32 (13%) 0.0001
Acute Kidney Injury, n (%) 191 (9%) 63 (26%) <0.0001
Major bleeding, n (%) 50 (2%) 26 (11%) <0.0001
combinations, was employed for hyperparameter tuning. 3. Results

Reported performances throughout the paper are those ob-
tained on unseen data during nested CV, with confidence
intervals obtained through bootstrapping (1000 iterations).
The final model was obtained by re-training the best per-
forming pipeline in nested CV on the entire dataset, with
hyperparameter values tuned with a regular 10-fold CV on
the whole dataset. The list of features identified as predic-
tive and the hyperparameter values mentioned throughout
the paper are those of this final model.

All code was implemented in Python 3.11.5, mostly rely-
ing on the Scikit-Learn 1.3.0 and Imbalanced-Learn 0.12.0
libraries.

The best-performing model resulted to be the one
employing a mutual-information-based feature selection
(nonparametric implementation of Scikit-Learn) and a
logistic regression classifier, and achieved an AUROC
of 0.765 (95% CI: 0.732 - 0.795). Among oversam-
pling (SMOTE [14] algorithm) and undersampling (Edited
Nearest Neighbors [15] algorithm (ENN)), undersampling
resulted the most effective data balancing approach for all
combinations of feature selection techniques and classi-
fiers evaluated, with the number of neighbors for ENN
tuned to 5 for the final model. This rather heavy under-
sampling is understandable due to the high unbalance in
the dataset, with a ratio between AF and no AF patients
equal to 10.9%. No correlation filtering ended up being ap-
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Figure 1. General structure of the learning pipeline.

plied to the features in the final model. Figure 2 displays
the ROC curve of all pipelines that achieved an AUROC
greater than 0.73. Additional metrics with respective confi-
dence intervals for the best-performing model are reported
in Table 2. Figure 3 reports instead the list of features em-
ployed by the final model, with the respective importance
values.

4. Discussion and Conclusion

The best performing model, consisting of a pipeline
of an ENN undersampling, a mutual-information-based
feature selection and a Logistic Regression classifier,
achieved an AUROC of 0.765. This result appears aligned
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Figure 2. ROC curves of the best performing pipelines in
nested CV.

Table 2. Performance of the best pipeline, with 95% con-
fidence intervals.

Metric Value [95% CI]

AUROC 0.765 [0.732 - 0.795]
Balanced accuracy  0.692 [0.661 - 0.722]
Sensitivity 0.652[0.592 - 0.713]
Specificity 0.731 [0.712 - 0.750]
Precision 0.209 [0.180 - 0.240]
F1-score 0.317 [0.278 - 0.355]

with what obtained by two other studies predicting NOAF
after AMI [2, 11]. Fu et al. [11] reached an AUROC
of 0.791 in their work, although the smaller dataset im-
plied much larger confidence intervals (0.692-0.891). Tu
et al. [2] reported an AUROC of 0.818, although work-
ing on a dataset of only 333 patients and possibly adopt-
ing biased evaluation procedure. Our result, obtained on
a dataset of 2445 patients, provides arguably stronger ev-
idence of the actual predictive power of routine clinical
variables for NOAF after AMI. Predictably, age and ejec-
tion fraction resulted among the most significant predic-
tors, as already demonstrated in other works’ multivariate
analyses [2, 10, 12]. Interestingly, sex and high-sensitivity
C-reactive protein (HsCRP) were not selected as a predic-
tors, although being so in other studies [9, 11]. Among
the novel markers selected by our model, it is worth to
highlight acute pulmonary edema, ranked first among all
predictive variables, and serum creatinine, present both
with its value at ICCU admission and with its delta value
between admission and peak recorded one, where either
variable represents a proxy of a high inflammatory status.
In spite of these findings and considerations, it is worth
to underline how the proposed model’s performance re-
mained modest, far from an acceptable level for clinical
applications, similarly to the other proposed predictors.
NOAF prediction after AMI, especially in absence of ECG
data, remains extremely challenging, and further research
is needed to address the problem.
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