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A B S T R A C T :

Background: Atrial fibrillation (AF) emerges as a pivotal risk determinant for unfavorable out-
comes in septic patients. Despite its recognized role, the enduring impact of AF on sepsis prog-
nosis remains ambiguous. This investigation seeks to elucidate the connection between AF and 
both short and long-term outcomes in sepsis patients. Additionally, it aims to formulate a prog-
nostic model for 1-year mortality utilizing pertinent clinical variables.
Methods: A retrospective analysis encompassed sepsis patients admitted to Beth Israel Deacon 
Medical Center’s intensive care unit. The evaluation encompassed the prevalence of AF and its 
influence on hospitalization duration, stays in the Intensive Care Unit (ICU), and mortality rates 
at distinct intervals. Propensity score matching was implemented to mitigate confounding factors. 
Machine learning techniques, including the Least Absolute Selection and Shrinkage Operator 
(LASSO) regression and random forest, were deployed for model development.
Results: AF exhibited a correlation with heightened mortality rates at 7 days, 28 days, and 1 year. 
The resultant predictive model demonstrated superior efficacy compared to prevailing clinical 
critical illness scores in forecasting mortality risk. Crucial predictors in the model included var-
iables such as RDW, weight, age, BUN, lactate, temperature, MCHC, MBP, ALP, and hemoglobin.
Conclusions: AF emerges as a substantial peril for adverse outcomes in sepsis patients. The risk 
model, encompassing pertinent clinical variables, outperformed existing clinical critical illness 
scores in mortality prediction. This model furnishes valuable insights for risk stratification, 
augmenting prognostic precision in sepsis patients with concomitant AF.

Abbreviation list

AF Atrial Fibrillation
ICU Intensive Care Unit
RDW Red Cell Distribution Width
ALP Alkaline Phosphatase
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(continued )

MBP Mean Arterial Blood Pressure
PCO2 Pressure of Carbon Dioxide
PT Prothrombin Time
PTT Partial Thromboplastin Time
INR International Normalized Ratio
MCHC Mean Corpuscular Hemoglobin Concentration
MCH Mean Corpuscular Volume
BUN Blood Urea Nitrogen
HA Hospital-Acquired
ICU-A Intensive Care Unit-Acquired
MIMIC Medical Information Mart for Intensive Care
SOFA Sequential Organ Failure Assessment
LODS Logistic Organ Dysfunction System
SAPS II Simplified Acute Physiology Score II
OASIS Oxford Acute Severity of Illness Score
SIRS Systemic Inflammatory Response Syndrome Scores
PSM Propensity Score Matching
ROC Receiver Operating Characteristic
AUC Area Under the Curve
DCA Decision Curve Analysis
RRT Renal Replacement Therapy
MODS Multiple Organ Dysfunction Syndrome

1. Introduction

Sepsis, as defined by the Third International Consensus Definitions for Sepsis and Septic Shock 3 (Sepsis-3), represents a life- 
threatening condition resulting from a dysregulated host response to infection [1,2]. This condition entails systemic infection and 
has the potential to impact multiple organs and bodily systems [3]. The assessment of the medical burden associated with sepsis proves 
challenging due to factors such as its intricate presentation, diverse clinical outcomes, and varying diagnostic criteria [4]. Notably, 
sepsis has been linked to an augmented risk of death, hospital readmission, and the emergence of new functional limitations within two 
years following ICU discharge [5]. A comprehensive systematic review and meta-analysis of 129 studies concerning hospitalized 
patients revealed a global incidence of 6% for hospital-acquired (HA) sepsis, while intensive care unit-acquired (ICU-A) sepsis was 
reported at 27%. Mortality rates for HA and ICU-A sepsis were documented at 16% and 35%, respectively [6].

Atrial fibrillation (AF) represents a prevalent form of irregular heartbeat affecting millions worldwide, significantly contributing to 
morbidity and mortality due to its association with hemodynamic instability, heart failure, and embolic events [7]. Research indicates 
that AF affects approximately 2-4% of the global adult population, with prevalence escalating with age and societal industrialization 
[8,9]. As of 2019, approximately 59.7 million individuals worldwide were affected by AF (including atrial flutter) [10]. However, the 
prevalence and incidence of AF differ across regions [11]. Among those over 55 years of age of European descent, one in three in-
dividuals is affected, with age-adjusted prevalence of 0.60% for men and 0.37% for women [12,13]. In China, the largest country in 
Asia, the latest epidemiology shows that the prevalence of atrial fibrillation in the country is 1.6% [14]. However, the prevalence and 
incidence of AF in Asian populations are lower than those in North America, with a relative risk of 0.78 [15]. This indicates the urgent 
need to reduce the burden of atrial fibrillation.

Existing research has underscored the capacity of sepsis to induce arrhythmias, with AF emerging as the most prevalent among 
them [16,17]. Moreover, sepsis is correlated with a six-fold higher risk of AF development, typically manifesting within the initial 
three days of hospital admission [18]. Sepsis concomitant with AF is characterized by elevated mortality rates and prolonged hospital 
stays [19,20]. However, the existing body of literature lacks exploration into the long-term prognosis of patients grappling with sepsis 
and AF. Hence, the principal objective of our study is to scrutinize the association between AF and the prognosis of sepsis patients, with 
a focus on evaluating and predicting their prognosis through common and readily accessible clinical indicators.

2. Methods

2.1. Data sources

In this retrospective study, data were sourced from the Medical Information Mart for Intensive Care IV (MIMIC-IV) database, 
encompassing de-identified health-related data from patients admitted to the intensive care unit at Beth Israel Deaconess Medical 
Center in Boston, MA, USA, spanning the years 2008 to 2019. The database includes diverse health metrics such as laboratory 
measurements, medications, and vital signs. Access to this data was granted through an online application, contingent on approval. 
The study focused on version MIMIC-IV 2.0. Ethical approval, entailing exemptions for informed consent and approval for data 
sharing, was secured from the Institutional Review Board (IRB) of Beth Israel Deaconess Medical Center [21,22].
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2.2. Study design

The inclusion criteria encompassed individuals meeting the following conditions: 1) In-room treatment in the intensive care unit, 2) 
Age exceeding 18 years, 3) Adherence to the definition and diagnostic criteria of sepsis 3.0, jointly articulated by the American Society 
of Critical Care Medicine (SCCM) and the European Society of Critical Care Medicine (ESICM), and 4) Presence of AF waveforms in 
ECG monitoring.

Exclusion criteria were defined as follows: 1) Presence of valvular heart disease, 2) Congenital heart disease, 3) History of cardiac 
pacemaker implantation, 4) Pregnancy status, 5) ICU stay duration less than 24 hours, and 6) For patients with multiple ICU admission 

Table1 
The baseline characteristics of included patients

Unmatched Matched

Characteristic Non-AF (N = 5434) AF (N = 2475) P value Non-AF (N = 2,041) AF (N = 2,041) P value

Age, years 65 (54, 76) 77 (67, 85) <0.001 76 (65, 84) 75 (66, 84) 0.6
Gender   <0.001   >0.9
Female 2,492 (46%) 1,020 (41%)  854 (42%) 851 (42%) 
Male 2,942 (54%) 1,455 (59%)  1,187 (58%) 1,190 (58%) 
Weight, Lb 77 (65, 93) 78 (65, 95) 0.015 78 (66, 93) 78 (65, 95) 0.7
First Care Unit   <0.001   >0.9

CCU 528 (9.7%) 407 (16%)  287 (14%) 292 (14%) 
ICU 1,865 (34%) 713 (29%)  624 (31%) 625 (31%) 
MICU 1,801 (33%) 814 (33%)  671 (33%) 679 (33%) 
NCU 76 (1.4%) 47 (1.9%)  35 (1.7%) 39 (1.9%) 
SICU 1,164 (21%) 494 (20%)  424 (21%) 406 (20%) 

Insurance   <0.001   >0.9
Medicaid 530 (9.8%) 77 (3.1%)  75 (3.7%) 75 (3.7%) 
Medicare 2,383 (44%) 1,542 (62%)  1,237 (61%) 1,224 (60%) 
Other 2,521 (46%) 856 (35%)  729 (36%) 742 (36%) 

Marital Status   <0.001   >0.9
Divorced 408 (7.5%) 175 (7.1%)  144 (7.1%) 142 (7.0%) 
Married 2,230 (41%) 1,095 (44%)  907 (44%) 900 (44%) 
Other 463 (8.5%) 216 (8.7%)  181 (8.9%) 181 (8.9%) 
Single 1,722 (32%) 532 (21%)  452 (22%) 464 (23%) 
Widowed 611 (11%) 457 (18%)  357 (17%) 354 (17%) 

Vital Signs      
RRM, bpm 91 (80, 103) 93 (81, 106) <0.001 91 (79, 104) 92 (80, 104) 0.4
MBPM, mmHg 73 (67, 79) 72 (67, 78) 0.001 72 (67, 79) 72 (67, 78) 0.7
RRM, bpm 20.7 (18.0, 24.1) 21.2 (18.4, 24.2) 0.002 21.2 (18.4, 24.3) 21.1 (18.4, 24.2) 0.7
TM, ◦C 36.9 (36.6, 37.3) 36.8 (36.5, 37.1) <0.001 36.9 (36.6, 37.2) 36.8 (36.6, 37.2) 0.094
SPO2 M, % 96.7 (95.2, 98.1) 96.6 (95, 98) 0.014 96.6 (95, 98.2) 96.6 (95, 98) 0.5
Scores      
SOFA 7.0 (4.0, 11.0) 8.0 (5.0, 12.0) <0.001 8.0 (5.0, 11.0) 8.0 (5.0, 12.0) >0.9
LODS 6.0 (3.0, 9.0) 8.0 (5.0, 11.0) <0.001 7.0 (5.0, 10.0) 8.0 (5.0, 11.0) 0.6
OASIS 37 (29, 45) 36 (29, 45) 0.5 37 (29, 45) 37 (29, 45) 0.6
SAPS II 40 (31, 52) 49 (39, 60) <0.001 47 (38, 59) 48 (38, 58) 0.7
SIRS 3(2,4) 3(3,4) 0.363 3(3, 4) 3(3, 4) 0.3
CHA2DS2-VASc 2(1,3) 3(2,4) <0.001 3(2, 4) 3(2, 4) 0.3
Treatment      
RRT 444 (8.2%) 270 (11%) <0.001 211 (10%) 209 (10%) >0.9
Ventilation status 1,913 (35%) 1,002 (40%) <0.001 813 (40%) 804 (39%) 0.8
Epinephrine 307 (5.6%) 244 (9.9%) <0.001 183 (9.0%) 174 (8.5%) 0.6
Norepinephrine 2,878 (53%) 1,565 (63%) <0.001 1,226 (60%) 1,243 (61%) 0.6
Phenylephrine 1,083 (20%) 887 (36%) <0.001 639 (31%) 646 (32%) 0.8
Vasopressin 1,066 (20%) 825 (33%) <0.001 608 (30%) 617 (30%) 0.8
Comorbidity      
MI 794 (15%) 557 (23%) <0.001 433 (21%) 440 (22%) 0.8
Hypertension 1,976 (36%) 837 (34%) 0.028 734 (36%) 738 (36%) 0.9
CHF 1,364 (25%) 1,273 (51%) <0.001 915 (45%) 923 (45%) 0.8
PVD 493 (9.1%) 370 (15%) <0.001 272 (13%) 287 (14%) 0.5
CVD 533 (9.8%) 331 (13%) <0.001 261 (13%) 262 (13%) >0.9
COPD 1,313 (24%) 754 (30%) <0.001 589 (29%) 589 (29%) >0.9
Diabetes 1,750 (32%) 884 (36%) 0.002 720 (35%) 725 (36%) 0.9
Renal disease 1,190 (22%) 878 (35%) <0.001 677 (33%) 663 (32%) 0.6
Liver disease 1,236 (23%) 446 (18%) <0.001 374 (18%) 388 (19%) 0.6

CCU: Cardiovascular Intensive Care Unit; ICU: Intensive Care Unit; MICU: Medical Intensive Care Unit; NCU: Neurological Intensive Care Unit; SICU: 
Surgical Intensive Care Unit; HR: Heart Rate; MBP: Mean Blood Pressure; RR: Resp Rate; M: Mean; SOFA: Sequential Organ Failure Assessment; LODS: 
Logistic Organ Dysfunction System; OASIS: Oxford Acute Severity of Illness Score; SAPS II: Simplified Acute Physiology Score IISIRS: Systemic In-
flammatory Response Syndrome Scores; RRT: Renal Replacement Therapy; MI: Myocardial Infarct; CHF: Congestive Heart Failure; PVD: Peripheral 
Vascular Disease; CVD: Cerebrovascular Disease; COPD: Chronic Obstructive Pulmonary Disease
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records, only data from the initial admission record were included.
Data extraction involved the retrieval of: 1) Demographic details, including age, gender, and weight; 2) Mean values of vital signs 

during the 24 hours post-ICU admission, encompassing pulse rate, respiration rate, temperature, blood pressure, and oxygen satu-
ration; 3) Outcomes, such as hospital and ICU stay durations, hospital mortality, 7-day mortality, 28-day mortality, and 1-year 
mortality; 4) Severity and relative scores, including Sequential Organ Failure Assessment (SOFA), Logistic Organ Dysfunction Sys-
tem (LODS), Simplified Acute Physiology Score II (SAPS II), Oxford Acute Severity of Illness Score (OASIS), systemic inflammatory 
response syndrome scores (SIRS), and CHA2DS2-VASc scores; 5) Mean or poorest value of laboratory tests during the 24 hours post- 
ICU admission.

2.3. Statical analysis

The normal distribution of variables was verified using Agostino’s test. Presentation of continuous parametric variables involved 
mean (standard deviation), while non-parametric variables were presented as median (interquartile range). Comparisons for para-
metric and non-parametric variables utilized Unpaired Student’s t-test or Mann–Whitney U-test, respectively. Categorical variables 
were compared using the χ2 test or Fisher’s exact test.

In order to address the disparities in baseline covariates between the AF group and the non-AF group, we employed propensity 
score matching (PSM) methodology. Initially, a logistic regression model was constructed with AF status as the dependent variable and 
various baseline covariates including age, sex, comorbidities, vital signs, and treatment at admission as independent variables. This 
model was utilized to estimate each patient’s propensity score for developing AF - representing the likelihood of a patient being 
assigned to the AF group based on their baseline characteristics. Subsequently, we utilized the Greedy Nearest Neighbor Algorithm for 
matching purposes while imposing a 0.05 standard deviation constraint on propensity scores to ensure robustness of matches. A 1:1 
matching ratio was then chosen and match quality evaluation was conducted post-matching by comparing differences in baseline 
covariates between groups.

Multivariate Logistic regression analyzed independent risk factors for sepsis patient prognosis (in-hospital death, 7-day death, 28- 
day death, 90-day death, and 1-year death). Kaplan–Meier method generated 1-year survival curves, with the log-rank test comparing 
differences between patients with AF and without AF.

For subsequent prediction model construction, only sepsis patients with AF were included in the follow-up analysis. The data from 
these patients were randomly divided into a training set (70%) and a validation set (30%). The training set facilitated variable 
screening and model construction, while the validation set gauged model generalizability and averted overfitting. Least Absolute 
Selection and Shrinkage Operator (LASSO) regression was utilized for variable selection, followed by a random forest algorithm and 
cross-validation method for the identification of the most significant variables. Model testing employed a calibration curve of 10,000 
bootstrap samples to assess predictive performance. Receiver operating characteristic (ROC) analysis and decision curve analysis 
(DCA) compared the risk model’s performance with commonly used acute and critical scores.

Statistical analyses were conducted using SPSS 27.0 and R 4.2.1. Variables with missing values exceeding 30% were excluded. For 
remaining missing variables, multiple imputation entailed randomly selecting the mean value from the last five complete cases, 
generating five imputed datasets. The mean value of these datasets was then used as the missing value for continuous variables, while 
the most common value among the datasets determined the missing value for categorical variables. A significance level of p < 0.05 
denoted statistical significance.

3. Results

3.1. Baseline characteristics of included patients

The initial analysis encompassed 7,909 sepsis patients. Median patient age was 69 years (range: 57-80), with 44% being female. 
Patients with AF were notably older (median age 77 vs. 65 years, p < 0.001) and had a higher male proportion (59% vs. 54%, p <
0.001) compared to non-AF patients. AF patients exhibited slightly higher body weight (median weight 78 vs. 77 Lb, p = 0.015). Vital 
signs, renal replacement therapy, mechanical ventilation, and medication use (epinephrine, norepinephrine, phenylephrine, 

Table 2 
Comparison of the outcome of patients with propensity score matching

Unmatched Matched

Outcome Non-AF AF χ2/t/z P Non-AF AF χ2/t/z P

(N = 5434) (N = 2475) value value (N = 2041) (N = 2041) value value

Death in hospital, % 1,455 (26.8%) 1,132 (45.7%) 277.8 <0.001 786 (38.5%) 877 (43%) 8.4 0.004
Death in 7-days, % 1,636 (30.1%) 1,236 (49.9%) 289.2 <0.001 863 (42.3%) 961 (47.1%) 9.5 0.002
Death in 28-days, % 1,877 (34.5%) 1,360 (54.9%) 292.9 <0.001 968 (47.4%) 1,063 (52.1%) 8.8 0.003
Death in 90-days, % 2,165 (39.8%) 1,499 (60.6%) 293.7 <0.001 1,098 (53.8%) 1,181 (57.9%) 6.8 0.009
Death in 1-year, % 2,646 (48.7%) 1,724 (69.7%) 302.3 <0.001 1,291 (63.3%) 1,374 (67.3%) 7.4 0.006
Hospital stay time, days 9 (5, 18) 11 (6, 20) -6.9 <0.001 9 (5, 18) 11 (6, 20) -6.9 <0.001
ICU stay time, days 2.6 (1.4, 5.7) 4.1 (2.0, 9.1) -15.3 <0.001 3 (1, 7) 4 (2, 9) -8.5 <0.001
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vasopressin) were more frequent in sepsis patients with AF. Comorbidities like congestive heart failure, peripheral vascular disease, 
cerebrovascular disease, chronic pulmonary disease, diabetes, and renal disease were more prevalent in AF patients. No significant 
differences were observed in hypertension and liver disease prevalence. Detailed baseline characteristics are presented in Table 1.

3.2. Atrial fibrillation as a risk factor for poor prognosis in Sepsis patients

Patients with AF exhibited significantly elevated rates of in-hospital mortality, 7-day mortality, 28-day mortality, and 1-year 
mortality. AF patients also experienced prolonged hospital and ICU stays (Table 2).

Multivariate logistic regression, considering covariates such as age, sex, weight, marital status, insurance type, scores (SOFA, LODS, 
SAPS II) on the first ICU day, vital signs, and AF presence, confirmed AF as an independent risk factor for in-hospital mortality, 7-day 
mortality, 28-day mortality, 90-day mortality, and 1-year mortality (Table 3). In addition, we investigated the effect of atrial fibril-
lation duration on patient outcomes. Interestingly, AF duration did not affect in-hospital mortality, 7-day mortality, 28-day mortality, 
90-day mortality or 1-year mortality in the initial univariate regression analysis (P >0.05). This result suggests that, once the sepsis 
patients with atrial fibrillation, must have poor prognosis.

To eliminate confounding factors as much as possible, we then performed PSM. According to Table 1, we found that the baseline 
characteristics of the patients in the AF group and the patients in the non-AF group were balanced after PSM. In addition, we also 
visualized the matching process (Figure 1), and the visualization results contained three dimensions. First, the kernel density plot 
(Figure 1A) shows the results of the global PS scores of the two groups of patients. Second, a scatter plot, Figure 1B, shows the location 
of each patient’s distribution according to the PS score before and after matching. Finally, the love plot (Figure 1C) shows the patients 
in the two groups before and after matching for each confounding factor. Two groups of 4082 patients were ultimately matched for 
further analysis. We found that the overall condition, individual condition, and baseline condition of the two groups of patients were 
basically similar after matching. The result of PSM also revealed persistently poorer prognosis in AF patients compared to those 
without AF. Kaplan-Meier analysis consistently showed significantly lower 1-year survival rates in AF patients (p < 0.05, Figure 2).

3.3. Development of a risk model for 1-year mortality in Sepsis patients with atrial fibrillation

Given AF’s independent risk status, a predictive model based on first-day laboratory tests of sepsis patients with AF was developed. 
Analyses highlighted specific poor laboratory indices within 24 hours of admission for AF patients, including lactic acid, pH, PO2, 
PCO2, total CO2, MCHC, MCV, RDW, BUN, calcium, chlorine, creatinine, sodium, potassium, INR, PT, and PTT (Table 4).

Subsequently, a training set (70%) and a validation set (30%) were randomly derived from 2,475 sepsis patients with AF. LASSO 
regression and random forest algorithm identified the most significant variables for the predictive model, revealing RDW, weight, age, 
BUN, lactate, temperature, MCHC, MBP, ALP, and hemoglobin (Fig. 3, Fig. 4, Supplementary Table 1).

The risk model, compared to established scores (SOFA, LODS, SAPS II, OASIS, SIRS, CHA2DS2-VASc), exhibited superior 
discrimination in both the training set (AUC 0.757) and the validation set (AUC 0.776) for identifying sepsis patients at 1-year 
mortality risk. Decision curve analysis confirmed the model’s superior performance, and calibration curves demonstrated good 
agreement between predicted and observed probabilities (Table 5, Fig. 5, Supplementary Figure 1, Supplementary Figure 2)

3.4. Visualizing risk prediction models

To enhance interpretability, a nomogram and scoring system were developed. This user-friendly tool allows clinicians to calculate 
an individual’s total score, predicting their 1-year mortality probability. An online calculator based on the nomogram was also pro-
vided for real-time variable result viewing (Fig. 6, online calculator link: (https://whurmhmh.shinyapps.io/sepsis/)).

4. Discussion

Our study highlights the significant impact of AF on the short- and long-term outcomes of sepsis patients, including prolonged 
hospitalization, increased ICU stays, and elevated mortality rates at various time points. Furthermore, we have developed a predictive 
model that outperforms widely used clinical critical illness scores, offering improved prognostic capabilities.

In our study, we observed a relatively high prevalence of AF among sepsis patients in the ICU (31.29%), which exceeds the rates 

Table 3 
Multifactor logistic regression results of atrial fibrillation in different outcomes

Unmatched Matched

Outcome β SE OR 95%CI P value β SE OR 95%CI P value

Death in hospital 0.228 0.071 1.26 (1.092,1.444) 0.001 0.22 0.066 1.246 (1.095,1.417) 0.001
Death in 7-days 0.23 0.069 1.26 (1.099,1.441) 0.001 0.211 0.104 1.235 (1.008,1.514) 0.042
Death in 28-days 0.219 0.067 1.25 (1.092,1.419) 0.001 0.189 0.09 1.208 (1.012,1.442) 0.037
Death in 90-days 0.177 0.065 1.19 (1.051,1.357) 0.006 0.158 0.084 1.171 (0.994,1.379) 0.06
Death in 1-year 0.22 0.066 1.25 (1.095,1.417) 0.001 0.186 0.082 1.204 (1.027,1.413) 0.022

β: Regression Coefficients; SE: Standard Error; OR: Odds Ratio; CI: Confidence Interval

H. Meng et al.                                                                                                                                                                                                          Heliyon 10 (2024) e38730 

5 

https://whurmhmh.shinyapps.io/sepsis/


reported in previous studies [23,24]. Remarkably, patients with sepsis combined with AF exhibited an in-hospital mortality rate of 
approximately 46%, consistent with prior research [15]. Moreover, our study investigated the incidence of 7-day death, 28-day death, 
and 1-year death in sepsis patients, contributing novel insights not explored in previous studies. To ensure reliable comparisons, we 
employed propensity score matching to eliminate confounding factors that could impact 1-year mortality, resulting in a well-balanced 
study cohort [25]. By this method, we significantly eliminated the unbalanced baseline characteristics between patients in the AF 
group as well as the non-AF group and eliminated the confounding factors that may affect 1-year mortality. The Kaplan–Meier’s 
survival analysis was also performed both before and after matching, and the results showed that 1-year mortality was significantly 
higher in patients with AF than in patients without AF.

During constructing our predictive model, we discovered that the maximum value of lactate played a crucial role as a predictive 
variable. Elevated lactate levels have been recognized as an essential marker for prognosis in sepsis patients, indicating high metabolic 
activity and impaired organ function [26]. Numerous studies have established the positive correlation between sustained increases in 
serum lactate and organ dysfunction, as well as the predictive value of lactate for short-term mortality in sepsis patients [27–30]. 
Although no direct studies have confirmed the association between serum lactate and the risk of death in AF patients, it is worth noting 
that sepsis-induced myocardial damage and excessive inflammatory response may contribute to the development of AF [31,32].

In our study, RDW emerged as a significant predictor within the constructed risk model. RDW, a measure of red cell size variability, 
has been associated with increased mortality in sepsis patients and demonstrated independent prognostic value in patients with AF 
[33,34]. Basic studies have also shown that RDW leads to severe cellular dysfunction and even multiple organ dysfunction syndrome 

Fig. 1. Propensity score matching. (A). The kernel density plot indicates that the propensity scores of the two groups were best matched after 
adjustment. (B). Point plots indicate the matches for each patient between the two groups as well as those that were not matched. (C). The love point 
shows the situation of each variable before and after matching, after matching each variable has basically reached the equilibrium state.
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(MODS) in sepsis patients through inflammatory as well as oxidative stress pathways [35,36]. Mean corpuscular volume, a measure of 
red blood cell size, has also been shown to be associated with adverse cardiovascular outcomes, and this relationship may be mediated 
through RDW [37].

Blood urea nitrogen (BUN) is a marker of renal function and protein catabolism that can be affected by sepsis. A systematic review 
and meta-analysis of 16 studies with 10,282 patients found that higher BUN levels were associated with increased mortality in sepsis 
patients, with a pooled odds ratio of 1.92 (95% confidence interval: 1.64–2.25) [38]. A prospective observational study of 198 patients 
with sepsis in the ICU found that there was a nonlinear correlation between BUN and 30-day mortality, with a cutoff level of 41.1 
mg/dL [39]. A retrospective cohort study 3 of 1,161 patients with sepsis in the ICU found that the BAR was an independent predictor of 
28-day mortality, with an adjusted odds ratio of 1.12 (95% confidence interval: 1.07–1.18) per unit increase [40].

ALP, an enzyme responsible for phosphate group removal, serves as a biomarker for liver and bone diseases. A population-based 
study using NHANES data demonstrated a relationship between elevated ALP levels and mortality in the general population [41]. 
Furthermore, research has highlighted the role of ALP in promoting cardiovascular disease and mortality by facilitating vascular 
calcification, potentially achieved through pyrophosphate hydrolysis in arterial mediators [42,43]. Inflammation may offer another 
explanation for the association between elevated serum ALP levels and adverse cardiovascular outcomes and mortality [44]. A pre-
vious study indicated that increased serum ALP levels contribute to the risk of death by influencing serum C-reactive protein, an 
inflammation marker [45].

As shown in this study, hemoglobin and MCHC are both important indicators to measure anemia and important variables in the 
prediction model, and lower values will represent a worse prognosis of patients. Previous studies have confirmed that anemia is a 
common symptom in patients with sepsis and is highly associated with poor prognosis in patients with AF [46,47]. Anemia itself may 
lead to tissue hypoxia, which can exacerbate organ dysfunction and increase the risk of death in septic patients [48]. Moreover, 
another study concluded that cell-free hemoglobin and its prosthetic group heme can contribute to organ dysfunction and death. The 
pathological mechanisms include nitric oxide consumption, vasoconstriction, oxidative injury to lipid membranes, activation of the 
transcription factor NF-κB, endothelial injury as well as iron-driven oxidative inhibition of glucose metabolism [49].

Other variables in the model, such as body weight, represent the presence of malnutrition, which may highly affect the prognosis of 
patients after sepsis. Age itself can affect the survival status of general patients, so it is understandable that age is related to the poor 
prognosis of patients with sepsis and AF [24]. Low MBP and temperature indicate that patients have respiratory and circulatory system 
disorders, which may be the potential cause of poor long-term prognosis of patients [50–52]. Our study also found that thromboplastin 
time was associated with a high risk of death in patients with sepsis. Thromboplastin time is a routine test used to assess the function of 
the coagulation system. Several studies have shown that prolonged thromboplastin time is associated with increased mortality in 
patients with sepsis [53].

Lastly, we compared our risk model with commonly used clinical scoring systems and demonstrated its superior predictive per-
formance. While existing scoring systems have proven effective in assessing short-term prognosis in sepsis patients through retro-
spective studies, they often fall short in predicting long-term outcomes [54,55]. Our risk model, incorporating a comprehensive set of 
predictive variables, offers improved prognostic accuracy across both short and long-term periods.

Fig. 2. The curves of Kaplan–Meier’s survival analysis. (A). The curves of Kaplan–Meier’s survival analysis in the unmatched cohort. (B). The curves 
of Kaplan–Meier’s survival analysis in the matched cohort.
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5. Clinical implications

This study presents several key strengths that distinguish it from previous research. Firstly, it utilizes an innovative machine 
learning-based model to predict 1-year mortality in sepsis patients with atrial fibrillation (AF), allowing for more accurate and timely 
identification of high-risk patients compared to traditional statistical methods. Secondly, the analysis is based on a large, compre-
hensive dataset from multiple medical centers, enhancing the generalizability and robustness of the findings. The extensive data 
enabled rigorous propensity score matching, effectively minimizing potential confounding factors. Additionally, by focusing on sepsis 
patients with AF, the study addresses a critical clinical issue, as AF is a common complication in sepsis and understanding its impact on 
long-term mortality is crucial for improving patient outcomes. The detailed description of the propensity score matching process and 
the inclusion of various baseline covariates ensure the reliability and reproducibility of the findings, adding methodological rigor to 
the study. Moreover, the findings have significant implications for clinical practice, as the ability to predict long-term mortality can 
guide clinicians in prioritizing interventions for high-risk patients, potentially improving survival rates and optimizing resource 
allocation in healthcare settings. Finally, the study builds a simple machine learning model and visualizes patient risk in order to 
identify high-risk patients and enhance their management and treatment, which can inform future research and lead to better man-
agement strategies for patients with these conditions. These strengths underscore the significance of this research and its potential 
impact on patient care and future studies.

6. Study Limitations

To maintain a comprehensive understanding of our findings, it is important to acknowledge the limitations of our study. Firstly, 
being a single-center retrospective study, our findings may be subject to limitations related to generalizability, particularly considering 
the predominantly white race population at the Beth Israel Deacon Medical Center in the United States. Secondly, different infection 
sites can impact the prognosis of sepsis patients, and our study did not differentiate between different infection sites. Lastly, the 
inability to analyze the dynamics of individual scoring systems limits our understanding of their direct impact on sepsis patient 

Table 4 
The characteristics of included patients when first ICU admission

Characteristic Total (N = 7909) Non-AF (N = 5434) AF (N = 2475) P value

Glucose mean, mg/dL 132.33(108,169.79) 131.06(107,168.69) 135.4(110,171.44) 0.001
Lactate max, mmol/L 2.28(1.6,3.6) 2.2(1.6,3.4) 2.4(1.7,3.9) <0.001
pH min 7.35(7.26,7.41) 7.35(7.27,7.41) 7.34(7.23,7.4) <0.001
PO2 min, mmHg 75.2(61,94.6) 76(61.2,95) 73.8(59.6,93) <0.001
PCO2 max, mmHg 41(36,49) 40.8(36,48) 43(36.8,51) <0.001
Total CO2 max, mEq/L 24(21,28) 24(21,27.8) 24.8(21,28) <0.001
Hematocrit min, % 28.5(24.4,33) 28.5(24.3,32.8) 28.7(24.7,33.5) 0.017
Hemoglobin min, g/dL 9.2(7.9,10.8) 9.2(7.9,10.8) 9.2(7.9,10.8) 0.606
Platelets min, K/uL 167(104,246) 169(104,251) 163(105,237) 0.078
WBC max, K/uL 15.2(10.1,21.8) 15.3(10,22) 15.1(10.4,21.5) 0.929
MCH min, pg 29.7(28.1,31.2) 29.7(28.1,31.2) 29.8(28.2,31.3) 0.23
MCHC min, g/L 32(30.8,33) 32.1(31,33.2) 31.7(30.6,32.7) <0.001
MCV min, fL 91(87,96) 91(86,95) 92(87.4,97) <0.001
RBC min, K/uL 3.12(2.65,3.65) 3.12(2.65,3.65) 3.13(2.65,3.64) 0.869
RDW max, % 15.8(14.4,17.8) 15.6(14.2,17.7) 16.2(14.7,18.1) <0.001
Albumin max, g/dL 2.9(2.54,3.3) 2.92(2.56,3.3) 2.9(2.5,3.3) 0.031
Bicarbonate min, mEq/L 20(16,23) 20(16,23) 20(16,23) 0.021
BUN max, mg/dL 29(18,49) 27(17,45) 36(23,57) <0.001
Calcium min, mEq/L 7.8(7.2,8.3) 7.7(7.2,8.3) 7.8(7.3,8.3) <0.001
Chloride max, mEq/L 106(101,110) 106(102,110) 105(101,110) <0.001
Creatinine max, μmol/L 1.4(0.9,2.4) 1.3(0.9,2.3) 1.6(1.1,2.6) <0.001
Sodium min, mEq/L 136(133,140) 136(133,140) 137(133,140) 0.013
Potassium max, mEq/L 4.4(4,5) 4.4(4,5) 4.5(4.1,5.2) <0.001
Basophils max, K/uL 0.07(0,1.99) 0.07(0,2) 0.08(0,1.94) 0.718
Eosinophils max, K/uL 0.5(0,5) 0.5(0,5.15) 0.51(0,4.61) 0.497
Lymphocytes max, K/uL 43.38(1.37,92.99) 43.8(1.38,95.7) 42.8(1.36,88.09) 0.076
Monocytes max, K/uL 16.3(1.01,52.5) 15.84(0.99,52.55) 17.35(1.05,52.15) 0.469
Neutrophils max, K/uL 313.78(14.68,1117.35) 308.15(14.69,1117.81) 330.8(14.58,1117.14) 0.852
INR max 1.4(1.22,1.9) 1.4(1.2,1.8) 1.6(1.3,2.3) <0.001
PT max, s 15.8(13.72,21.1) 15.4(13.54,19.6) 17.2(14.3,25.3) <0.001
PTT max, s 35.7(30.1,49.45) 34.6(29.7,46.9) 38.3(31.2,55) <0.001
ALT max, U/L 37(20,82) 37(20,80) 37.4(20.8,86.4) 0.232
ALP max, U/L 109.2(77,166) 110(77,169) 108.6(77,159) 0.202
AST max, U/L 57(31,121) 56.8(30.6,119) 59(31,123.8) 0.074
Bilirubin total max, mg/dL 0.9(0.5,1.9) 0.86(0.5,1.9) 0.9(0.56,1.84) 0.044

WBC: White blood cell; MCH: Mean corpuscular hemoglobin; MCHC: Mean corpuscular hemoglobin concentration; MCV: Mean corpuscular volume; 
RBC: Red blood cell; RDW: Red blood cell distribution width; BUN: Blood urea nitrogen; INR: International normalized ratio; PT: Prothrombin time; 
PTT: Partial thromboplastin time; ALT: Alanine transaminase; ALP: Alkaline phosphatase; AST: Aspartate aminotransferase
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prognosis.

7. Conclusions

To summarize, our study highlights the significance of AF as a prominent risk factor for 1-year mortality among sepsis patients in 
the ICU. By analyzing relevant variables obtained within the initial 24 hours of ICU admission, such as RDW, weight, age, BUN, lactate, 
temperature, MCHC, MBP, ALP and hemoglobin, we have developed an accurate predictive model for assessing the 1-year mortality 
risk in sepsis patients with coexisting AF.
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Fig. 3. Lasso regression analysis process. In the lasso regression process, a larger λ would punish the linear model with more variables more. (A). 
The variable is continuously removed from the model as λ increases. (B). After LASSO regression screening, two models were obtained. One model is 
lambda.min, which is the one in which the average of the least objective parameter is obtained out of all the λ values. The other model is lamb-
da.1se, which refers to the λ value of the simplest model within a variance range of lambda.min. (C). The importance ranking of specific variables in 
lambda.min.
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Fig. 4. Random forest algorithm results of the model. (A). In the parameter adjustment process of random forest, the error is minimized when the 
number of decision trees in the forest is 768. (B) and (C). 5-fold cross-validation results of the random forest algorithm and the final result. (D). The 
variable importance of random forest algorithm finally.

Table 5 
ROC comparison of risk model with other scores

Training Set Validation Set

Characteristic AUC 95%CI Youden Index AUC 95%CI Youden Index

Risk Model 0.757 (0.733,0.781) 0.397 0.776 (0.741,0.812) 0.447
SOFA 0.67 (0.643,0.697) 0.261 0.67 (0.627,0.713) 0.271
LODS 0.701 (0.675,0.728) 0.309 0.682 (0.641,0.723) 0.273
SAPS II 0.696 (0.67,0.723) 0.294 0.678 (0.636,0.72) 0.269
OASIS 0.491 (0.461,0.52) 0.014 0.502 (0.456,0.548) 0.038
SIRS 0.517 (0.488,0.547) 0.033 0.54 (0.494,0.586) 0.06
CHA2DS2-VASc 0.689 (0.663,0.715) 0.274 0.686 (0.645,0.727) 0.266

SOFA: Sequential Organ Failure Assessment; LODS: Logistic Organ Dysfunction System; SAPS II: Simplified Acute Physiology Score II; OASIS: Oxford 
Acute Severity of Illness Score; SIRS: Systemic Inflammatory Response Syndrome Scores; AUC: The area under the curve; CI: Confidence Interval
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of 1-year mortality at the bottom.
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