

[image: image1]
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The occurrence of atrial fibrillation (AF) represents clinical deterioration in acutely unwell patients and leads to increased morbidity and mortality. Prediction of the development of AF allows early intervention. Using the AmsterdamUMCdb, clinically relevant variables from patients admitted in sinus rhythm were extracted over the full duration of the ICU stay or until the first recorded AF episode occurred. Multiple logistic regression was performed to identify risk factors for AF. Input variables were automatically selected by a sequential forward search algorithm using cross-validation. We developed three different models: For the overall cohort, for ventilated patients and non-ventilated patients. 16,144 out of 23,106 admissions met the inclusion criteria. 2,374 (12.8%) patients had at least one AF episode during their ICU stay. Univariate analysis revealed that a higher percentage of AF patients were older than 70 years (60% versus 32%) and died in ICU (23.1% versus 7.1%) compared to non-AF patients. Multivariate analysis revealed age to be the dominant risk factor for developing AF with doubling of age leading to a 10-fold increased risk. Our logistic regression models showed excellent performance with AUC.ROC > 0.82 and > 0.91 in ventilated and non-ventilated cohorts, respectively. Increasing age was the dominant risk factor for the development of AF in both ventilated and non-ventilated critically ill patients. In non-ventilated patients, risk for development of AF was significantly higher than in ventilated patients. Further research is warranted to identify the role of ventilatory settings on risk for AF in critical illness and to optimise predictive models.
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INTRODUCTION

Atrial Fibrillation (AF) is the commonest arrhythmia worldwide and increases the risk of stroke and heart failure (1). AF is characterised by irregular atrial electric activity and ventricular response. In the general population diabetes, high blood pressure and coronary artery disease are the main risk factors. AF is also common after major surgery and in patients suffering from acute severe illness, in particular infection (2). Up to 44% of all patients admitted to intensive care units suffer from incident AF (3–6). Many of these episodes occur in patients without a history of AF. The occurrence of AF in patients admitted with sinus rhythm represents a clinical deterioration in acutely unwell patients and leads to increased morbidity and mortality (7). The onset of AF is often associated with haemodynamic instability and usually requires treatment either with anti-arrhythmic drugs or electric cardioversion to control heart rate and rhythm.

Large repositories of Electronic Health Records have been used to develop risk prediction for AF in the general population using machine learning algorithms. A recent risk prediction model, developed for the general population, the CHARGE-AF (The Cohorts for Heart and Aging Research in Genomic Epidemiology AF) score, predicts an individual’s 5-year risk of new AF using clinical variables including age, ethnicity, height, weight, blood pressure, medication and comorbidities (8). Due to the long period covered and the differences in patient population, such models are not suitable for the prediction of AF in acute illness. Previous research on large datasets to explore incidence, risk factors and outcome of AF in acutely unwell patients focused on septic patients and relied on United States databases (9, 10).

In addition, risk factors for developing AF in the general population compared to critically ill patients may vary substantially. Traditional risk factors associated with AF in the community include structural and valvular heart disease, neither of which is clearly related to AF in critical illness (11). In addition, acute factors, rather than pre-existing cardiovascular comorbid conditions, are thought to be associated with increased risk for newly diagnosed AF during critical illness (9). In particular, invasive ventilation or the use of vasoactive drugs and inotropes may trigger episodes of AF in the critical care setting (11) but has no relevance in ambulatory care.

Over the last decade, the use of various modelling techniques for AF has grown exponentially (12) and includes detection as well as prediction of AF. Existing models of risk prediction for AF are based on specific cardiac cohorts (12) and are not easily transferable to critical care, despite the numerous reviews (11, 13–15) which describe the risk factors for AF in sepsis and critical illness. As a consequence, the identification of subsets of critically ill patients at risk of developing AF before its clinical manifestation requires improvement. To date the availability of sophisticated risk prediction models in critical care is limited. The few existing models focus on septic patients only (16) and do not include the large proportion of critically ill patients with non-infectious pathologies. Advanced models for prediction of AF during critical illness, but before its clinical onset, would allow early interventions with a view to preventing serious AF-associated complications, such as haemodynamic instability, stroke and thromboembolic events.

To date models focusing on prediction and detection of AF are mainly based on data from the Medical Information Mart for Intensive Care (MIMIC) III database, which comprises data obtained in a single large tertiary care centre in the United States. So far, European databases have not been used to identify risk factors or to construct prediction models for AF in critical illness. The Amsterdam University Medical Centers Database (AmsterdamUMCdb), endorsed by the European Society of Intensive Care Medicine (ESICM), is the first freely accessible European intensive care unit (ICU) database (17).

Here we present a logistic regression model for the prediction of AF in critical illness using the AmsterdamUMCdb database (18). In addition to static variables, we include time series of vital signs, blood results and ventilatory settings in septic and non-septic patients in this model. We develop different models to predict the first occurrence of AF in patients admitted to critical care in sinus rhythm and to identify factors associated with the occurrence of AF. Furthermore we differentiate between ventilated and non-ventilated patients to account for mechanical ventilation as an established risk factor for development of AF in critical care.



MATERIALS AND METHODS


Data

We used data from the AmsterdamUMCdb, a freely available database, accessible after completing the mandatory training and guaranteeing the involvement of a practising intensivist in the research team to provide domain expertise. The database contains data from a 32-bed mixed surgical-medical academic ICU and a 12-bed high-dependency unit (medium care unit) (18). For patients who developed AF after ICU admission, the timestamp of the first episode of AF, as documented in the database, was used, while for non-AF patients the endpoint was the end of their ICU stay. Variables were extracted until 1 h before the first recorded AF episode for AF patients, whereas for non-AF patients data were analysed for the whole ICU stay. The interval of 1 h between the last data set included and the onset of AF was deliberately chosen because if applied in clinical practice, such a time frame would allow interventions to prevent the onset of the AF episode to be initiated. Variables included demographic data coded in classes (e.g., age, gender, weight and height), vital signs coded continuously (e.g., heart rate, breath rate, temperature, systolic blood pressure, and oxygen saturation), blood results and variables describing the level of respiratory support, such as FiO2 (Table 1).


TABLE 1. Demographics, vital signs, and routine prognostic scores used for modelling.
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Admissions with more than 35% missing data were excluded from the analysis. In the remaining cases, missing data for numeric variables were imputed with the median of the corresponding variable, and for categorical variables, they were imputed with the mode. Admissions and variables with dynamic features were converted into tabular representations by extracting their means.



Ventilation Status

Patients were considered to have been ventilated if they were explicitly recorded in the database as having been ventilated, i.e., patients that have associated an item in table “processitems” indicating ‘Ventilate’. In addition, patients that did not have an explicit record in the “processitems” table of having been ventilated, but had O2 concentration or FiO2 records associated with their admission, were also classified as ventilated. This definition includes patients receiving invasive and non-invasive ventilatory support.



Model Outcome

The outcome to be predicted in this model was the first documented episode of AF in patients admitted to ICU in sinus rhythm. As a previous history of AF is not coded in the AmsterdamUMC database, this outcome does not discriminate between new onset and pre-existing AF.



Univariate Analysis

For univariate analysis, medians and interquartile ranges were calculated for continuous variables and frequencies and proportions for categorical variables. Differences between AF vs. non-AF patients were assessed using Kruskal-Wallis rank sum and Chi-square tests. Acute Physiology And Chronic Health Evaluation II (APACHE II) and Sequential Organ Failure Assessment (SOFA) scores were calculated upon admission to ICU.



Multivariate Analysis

We performed multivariate statistical modelling using logistic regression (LR) to elucidate associations, in the form of odds ratios (OR), between the factors and the occurrence of AF. LR models the outcome probability or risk to be ‘1’ (positive class) as [image: image], where {β0,…,βK} are the logarithms of the OR, which are estimated by maximum likelihood (19).



Variable Selection

For the selection of variables, we ensured that for any pair of them that were considered clinically correlated, only one of them was included (usually the one with fewer missing values), e.g., for albumin and calcium, only calcium was selected. Subsequently, pairwise correlations between variables were calculated to verify that the variables included in the study were not highly collinear (above 0.7 using Pearson correlation). Relevant input variables were automatically selected using a sequential forward search algorithm using 3-fold cross-validation. The selection algorithm starts with a baseline model (i.e., all coefficients but the intercept set to zero, βk≠0=0), and in each step, the variable that most improves the performance on the validation set is added (20).



Model Performance

Nested cross-validation was implemented, with the inner iterations to evaluate the variable selection, and the outer iterations to evaluate the training with the selected set of variables. Model performances were measured using the area under the receiver operator characteristic (AUC) curve. We report AUC means and confidence intervals (CI) for the full patient cohort, and ventilated and non-ventilated patients separately. Due to the class imbalance in the datasets, we also produced precision-recall curves to evaluate the three models developed. Their baselines were determined by the ratio of positives (P) and negatives (N) as y = P / (P + N) (21).

R version 3.6.3 was used for all analyses.




RESULTS


Data Groups

From a total of 23,106 admissions extracted, patients < 18 years of age, multiple admissions and cases with > 35% missing data were excluded, resulting in 18,518 analysable cases, of which 2,374 were patients with AF patients, while 16,144 had no episodes of AF reported (Figure 1). A total of 2,066 (87%) of the patients with AF and 12,303 (76.2%) of non-AF patients required ventilation, leaving 308 (23%) AF patients and 3,841 (23.8%) non-AF patients who did not require ventilation.
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FIGURE 1. Flowchart of the cohorts analysed including the inclusion and exclusion criteria. ICU: intensive care unit; AF: Atrial Fibrillation.


Univariate statistical comparisons between AF and non-AF groups of patients are displayed in Table 1. We found statistically significant group differences (p-value < 0.05) for several vital signs, laboratory results, demographics, and the severity scoring systems. For instance, AF patients were older than 70 years (60% versus 32%) and died in ICU (23.6% versus 8%) compared to non-AF patients. We also found statistically significant differences between ventilated and non-ventilated patients (p-value < 0.001).



Evaluation of Model Performances

The developed models were able to predict the first occurrence of AF in patients admitted to critical care in sinus rhythm for all the patients in the selection group, and specifically in ventilated and non-ventilated patients, with AUC performances of 0.836 (CI: 0.833–0.838), 0.820 (CI: 0.818–0.823) and 0.912 (CI: 0.883–0.942), respectively. Additionally, the performance of disease severity scores (APACHE II and SOFA) was compared to the developed model (results in Supplementary Table 2), which as expected showed that, independently of the data cohort used, our predictive models achieved significantly better performances than severity scores developed for mortality prediction in general. The precision-recall curves for the three models, together with their baselines, are shown in Figure 2.
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FIGURE 2. Precision-recall curves for the total cohort (blue), ventilated cohort (red) and non-ventilated cohort (green) are represented with solid lines. Their corresponding baselines are represented with dashed lines.




Explanatory Analysis Using Logistic Regression

The odds ratios (OR) for the total cohort, and the ventilated and non-ventilated patients are presented in Figure 3. We identified input variables (factors) either positively or negatively associated with the risk of developing AF in both, ventilated and non-ventilated patients, as well as in the total cohort. Factors positively associated with the development of AF in both ventilated and non-ventilated cohorts include immunoinflammatory markers such as increased average CRP (OR: total = 1.281, ventilated = 1.384, non-ventilated = 1.312) in multivariate analysis, as well as average APTT (OR: total = 1.133, ventilated = 1.150) in the ventilated cohort. Increased oxygen requirements (average O2 concentration, average O2 L/min) and reduced oxygen saturations were associated with the development of AF in both ventilated and non-ventilated patients (average O2 concentration OR: total = 1.334, ventilated = 1.336; average O2 L/min OR: total = 1.287, ventilated = 1.203, non-ventilated = 1.206). Similarly, in ventilated patients, the average PEEP (OR: ventilated = 1.355) was shown to be associated with the development of AF. Across both ventilated and non-ventilated cohorts age appears to be the single most important factor in predicting the development of AF. Patients over 80 years had the greatest risk (with OR: total = 22.909) compared to patients aged 40-49 (OR: total = 1.971). Age was even more significant in the non-ventilated cohort (with OR: non-ventilated = 74.922) in those over 80 years, compared to those aged 40-49 (OR non-ventilated = 2.757). Detailed information of the variables odd ratios and their corresponding 95% confidence intervals can be found in Table 2.
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FIGURE 3. Odds ratios between significant results and prediction of AF for the total cohort, ventilated and non-ventilated cohorts. The non-significant results are displayed as hollow points. Abbreviations: APTT: activated partial thromboplastin time; CRP: C-reactive protein; O2: oxygen; BP: blood pressure; PEEP: positive end-expiratory pressure; Hb: haemoglobin; Ca: calcium.



TABLE 2. Detailed information of the variables odd ratios (OR) and their corresponding 95% confidence intervals (CI) for each of the developed models.
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DISCUSSION

Despite an increasing number of publications about AF in critically ill patients, its precipitants in this population are poorly understood. In this research, we identify modifiable and non-modifiable risk factors to build a logistic regression model for the prediction of a first episode of AF during admission to ICU. We analyse data from the AmsterdamUMCdb, which contains a total of 23,106 ICU admissions. Previous prediction models for AF in critical illness (16) are based on United States databases, include only septic patients (3, 16, 22) or focus on post-cardiac surgery patients (23). Although the risk of developing AF is highest in septic patients (3), prediction models for the occurrence of AF in general medical-surgical ICU populations are lacking. McMillan (24) used data from the first 8 h of ICU admission to predict subsequent AF. This approach will miss the significant proportion of critically ill patients who develop episodes of AF before ICU admission to the Emergency Department (25) or early during their ICU stay (26).

In this research, we calculate the means of time series of vital signs, laboratory results and respiratory data to build an LR model for the development of the first episode of AF in patients admitted to ICU with documented sinus rhythm. Depending on ventilation status, our model achieved very good to excellent performance measures with an AUC of 0.82 in ventilated and 0.912 in non-ventilated cohorts. The precision-recall curves (Figure 2) also support this assessment, showing that all models clearly distinguish themselves from a random classifier, indicated by their corresponding horizontal baseline. Furthermore, our models displayed good performance at predicting the small class (AF).

Since the occurrence of AF in critical illness is associated with disease severity, we used established critical care risk scores, such as APACHE II or SOFA, calculated on admission to ICU, for comparison. Our model performed significantly better in all cohorts. This may be partly explained by the limited number of variables included in the conventional risk prediction scores APACHE II and SOFA. Furthermore, the use of time series may improve model performance as dynamic changes are considered. In conclusion, while well established for mortality prediction, APACHE II and SOFA on admission are not suitable to predict AF in ICU and more specific scores are needed to identify patients at risk before the clinical onset of this arrhythmia which has repeatedly been associated with higher mortality (27, 28).

We have identified increasing age as the most important predictor of the development of AF in our analysis. Advancing age has been known as a risk factor for AF in the general population for several decades (29). Within the critical care settings, most studies investigating risk factors for AF, focus on septic patients (4, 22, 30). Despite a high level of evidence, a previous meta-analysis showed only a weak association between advanced age and AF in sepsis (22). In contrast, a scoping review (5) and a recent meta-analysis identified increasing age as the dominant risk factor in the general critical care population (13). Our model supports the role of increasing age as the principal risk factor for the occurrence of AF in critical illness: As age doubles, the risk of developing AF increases on average 10-fold. Previous work suggested that ageing in the cardiovascular system, and in particular, structural changes within the atria are major factors in the development of AF in the general population (31, 32). Bosch et al. (11) postulated that inflammation and infection can trigger accelerated cardiac structural and electrical remodelling during critical illness (11). We included CRP as a routine inflammatory marker available in the AmsterdamUMCdb in our model, and could demonstrate that higher CRP concentrations were associated with increased risk of AF.

While acute respiratory failure has been recognised as a risk factor for AF in several studies (3, 15), it remains unknown if the need for intermittent positive pressure ventilation (IPPV) is associated with a different risk profile. Clinically, the need for invasive ventilation is associated with more severe respiratory failure. Hence modelling ventilated versus non-ventilated patients separately allows prediction of AF in respiratory failure of different severity. The application of positive pressure to the airway leads to pronounced changes in intrathoracic pressure and decreases volume return to the right heart. As a consequence, left ventricular preload also decreases due to lower pulmonary venous return (33). A recent observational study in patients after cardiac surgery found a significant impact between the occurrence of AF and invasive respiratory support (34), supporting the concept that ventilated patients may exhibit a different risk profile compared to non-ventilated patients. We therefore developed three different models for risk prediction of the development of AF in a non-ventilated, a ventilated and in an undifferentiated full cohort. We also observed an impact of ventilatory settings, as higher O2 requirements and higher PEEP were associated with an increased odds ratio for the development of AF. All three models identified age as the strongest risk factor, however, in non-ventilated patients increasing age was associated with a 7-fold higher OR compared to ventilated patients. With advancing age, the severity of respiratory failure, the increased sympathomimetic activity in unsedated patients, and a lower cardiovascular tolerance to inflammation and fluid shifts, are amongst the factors which may contribute to the different weighting of risk factors depending on ventilation status.

Our study has several limitations. We performed internal cross-validation, but external validation of our model is required for generalisability across different ICU databases and before clinical implementation can be pursued. Additionally, missing data were imputed with the median/mode, which is a simple and computationally rapid approach. Alternatively, missing data imputation methods such as regression-based imputation or multiple imputation by chained equations (MICE) could be considered.

Our model was built to predict new episodes of AF in patients admitted to critical care in sinus rhythm. Insufficient information was available in the database regarding the previous medical history of paroxysmal or pre-existing AF. Thus, our model cannot predict new-onset AF, as patients with a known diagnosis of AF may also present in sinus rhythm on admission and develop episodes of AF later in their stay. Finally, in addition to the requirement for models differentiating between ventilation modes, further targeted models for individual ICU subpopulations are required, e.g., patients with sepsis, as they may display a different risk profile.

Within the AmsterdamUMC database, several variables are presented as ranges only, e.g., age, weight and height. This limits the analyses that can be performed. For example, it was impossible to calculate Body Mass Index, which is why weight and height had to be considered as separate variables in our model.

In addition to the requirement for specific models for mechanically ventilated patients, further targeted models for individual ICU subpopulations such as septic patients are required, as they may display a different risk profile.



CONCLUSION

We present a logistic regression model for risk prediction of new episodes of AF in critical illness using the AmsterdamUMCdb database. Our model demonstrates very good performance in ventilated patients and excellent performance in non-ventilated patients. Further work is required to exploit the potential that different ML methods to model risk prediction for new episodes of AF in various cohorts of critically ill patients.
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