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Background: Sepsis patients face a high risk of new-onset atrial fibrillation (NOAF), which increases mortality. Thus, it is significant
to construct a risk prediction model for early risk stratification.

Objective: To construct and validate a risk prediction model for NOAF in sepsis.

Methods: A total of 423 sepsis patients were randomly divided into training (n=299) and validation (n=124) cohorts. Predictors were
selected using least absolute shrinkage and selection operator (LASSO) regression, and independent risk factors were identified by
multivariate logistic regression to construct a nomogram. Model performance was assessed by the area under the receiver operating
characteristic curve (AUC), Hosmer—Lemeshow test, and calibration curves. Clinical utility was evaluated using decision curve
analysis (DCA) and clinical impact curves (CIC).

Results: Log interleukin-6 (Log IL-6), blood urea nitrogen (BUN), and heart rate (HR) were identified as independent risk factors for
NOAF. The nomogram demonstrated strong discriminative ability, with AUCs of 0.925 in the training cohort and 0.866 in the
validation cohort. Calibration was good in both cohorts, and DCA and CIC indicated favorable clinical utility across a range of
threshold probabilities.

Conclusion: A risk prediction model incorporating Log IL-6, BUN, and HR effectively could predict NOAF in sepsis patients, with
good discrimination, calibration, and potential clinical applicability for early risk identification. However, prior to further clinical
application, additional multicenter, prospective studies are required for external validation.
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Introduction

Atrial fibrillation is the most common clinical arrhythmia, affecting more than 30 million people worldwide.! NOAF
refers to AF occurring in patients with no previous history of AF.> NOAF is a common complication in patients with
acute and critical illnesses.” Sepsis, a common acute critical illness, is defined as a life-threatening organ dysfunction
caused by a dysregulated host immune response to infection.* Sepsis patients are prone to AF.>° It is reported that the
incidence rate ranges from 7.2% to 42%."""'® Compared with sepsis patients without NOAF, the risk of ischemic stroke,
heart failure and death is significantly higher than those with NOAF.>''"!3 Screening high-risk patients as early as
possible, with the aim of achieving early identification, early prevention, and early intervention, is crucial for reducing
the incidence and mortality of NOAF. Previous studies have found that advanced age, hypotension, heart failure,
coronary heart disease, and mechanical ventilation (MV) are independent risk factors for NOAF in sepsis."”"'”
However, risk factor analysis cannot visually calculate the specific probability of disease occurrence. Additionally,
these studies have primarily included sepsis patients admitted to the intensive care unit (ICU). Most sepsis patients first
present to the emergency department; achieving early identification and diagnosis of NOAF in the emergency department
enables earlier intervention, thereby improving patients’ prognosis to the greatest extent. In the busy clinical practice,
emergency physicians need a simple and efficient tool to identify patients at high risk of NOAF among a large number of

patients. However, risk factor analysis cannot simply and intuitively calculate the probability of NOAF occurrence. By
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selecting independent risk factors and developing a nomogram, the risk prediction model can screen high-risk patients in
a simple, intuitive, and visualized manner, and provide clinicians with individualized risk assessments. Therefore, this
study retrospectively analyzed the clinical data of sepsis patients in the emergency rescue area. By establishing
a nomogram, it visualized the probability of NOAF, aiming to provide clinical evidence for the early identification
and early diagnosis of NOAF in septic patients in the emergency department.

Method

Patients

The study was conducted in accordance with the 1964 Declaration of Helsinki and its subsequent amendments, and was
approved by the Ethics Committee of the First Affiliated Hospital of Xinjiang Medical University (K202412-69).
Because this study was retrospective, informed consent was waived by the Ethics Committee of the First Affiliated
Hospital of Xinjiang Medical University. To protect patient privacy, all personally identifiable information was deidenti-
fied, ensuring that data were used exclusively by the research team in anonymized form.

Inclusion criteria: 1) Age > 18 years; 2) Diagnosis of sepsis, based on the sepsis-3 diagnostic criteria;* 3)
Hospitalization duration > 24 hours. Exclusion criteria were as follows: 1) Past medical history of malignant
tumor; 2) Past medical history of AF; 3) Incomplete data. The diagnostic criteria for atrial fibrillation are determined
by an electrocardiogram report and the hourly rhythm record in the nursing record.'* NOAF was defined as:'® 1) no
history of AF; 2) AF lasting more than 1 h; or 3) paroxysmal AF or atrial flutter intervened with pharmacological
treatment or electrical cardioversion. We included 520 sepsis patients admitted to the Emergency Resuscitation Area of
the First Affiliated Hospital of Xinjiang Medical University from September 2022 to December 2024. A total of 97
patients were excluded according to the exclusion criteria. Finally, a retrospective analysis was performed on the clinical
data of 423 sepsis patients. These patients were randomly assigned to the training cohort or validation cohort at a ratio of
7:3, resulting in 299 patients in the training cohort and 124 in the validation cohort. A flowchart of patient enrollment is
shown in Figure 1.

Data Collection

Comprehensive clinical data were obtained on the first day of admission to emergency resuscitation area, which included:
Age, gender, sequential organ failure assessment (SOFA), acute physiology and chronic health evaluation II (APACHE-
I1), glasgow coma scale (GCS), comorbidities, infection site, MV, temperature, mean arterial pressure (MAP), HR,
respiratory rate, blood gas analysis indicators, blood electrolytes, complete blood count, coagulation indicators, myo-
cardial enzymes, inflammatory markers, and cardiac function indicators, etc. Since the levels of IL-6 vary by thousands
of folds among patients, we performed logarithmic transformation to reduce the impact of extreme values and improve
the applicability of subsequent statistical analyses and the reliability of the results. First, LASSO regression was used to
screen for predictive variables. Then, multivariate logistic regression analyses were performed to identify the indepen-
dent risk factors for AF. Subsequently, a nomogram was constructed using these independent risk factors. The ROC curve
was used to evaluate the discriminative ability of the model, the Hosmer-Lemeshow tests and calibration curve were used
to assess degree of calibration, and DCA and CIC were used to evaluate clinical applicability.

Statistical Analyses

Data analyses were performed using R software (version 4.5.1). Quantitative data were expressed as mean + standard
deviation or median (interquartile range, 25th—75th percentiles). For normally distributed quantitative data, comparisons
between two groups were performed using the #-test; for non-normally distributed data, intergroup comparisons were
performed using the Mann—Whitney U-test. Categorical data were presented as n (%), and intergroup comparisons were
made using the y’-test. To prevent overfitting, LASSO regression was employed to select optimal features. LASSO
feature selection was performed using the “corrplot” and “glmnet” package. Multivariate logistic regression analyses
were performed using the “glm” package. Nomograms were plotted using the “regplot” package. ROC curve plotting and
AUC calculation were performed using the “pROC” package. Hosmer-Lemeshow tests and calibration plots were
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Figure | Flow diagram of study design.
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generated using the “rms” package. DCAs were performed using the “rmda” package. CICs were plotted using the
“ggplot2” package.

Results

Of the 426 sepsis, 137 had AF and 286 did not. The clinical characteristics of patients in the two groups are presented in
Table 1 and Table 2. These patients were randomly assigned to the training cohort or validation cohort at a ratio of 7:3,
resulting in 299 patients in the training cohort and 124 in the validation cohort. No significant differences were observed
in age, male, SOFA, APACHE-II, GCS, infection site, and MV between the training and validation cohorts, indicating
that the two cohorts were comparable (Supplementary Table 1).

Table | A Comparison of the Clinical Characteristics of N-AF and AF Groups

Clinical Characteristics N-AF (N=286) AF (N=137) letIZ P-Value
Age (years old) 64.0 (51.0, 77.0) 67.0 (53.0, 80.0) —1.940 0.052
Male (n, %) 174 (60.8) 84 (61.3) 0.009 0.925
Disease severity score
SOFA (score) 5.0 (2.0,9.3) 10.0 (4.0, 15.5) —5.748 <0.001
APACHE-II (score) 11.0 (8.0, 15.0) 15.0 (12.0, 21.5) —8.143 <0.001
GCS (score) 15.0 (15.0, 15.0) 15.0 (13.0, 15.0) —5.886 <0.001
Comorbidity (n, %)
Hypertension 134 (46.9) 71 (51.8) 0917 0.338
Diabetes 80 (28.0) 54 (39.4) 5.605 0.018
Coronary heart disease 38 (13.3) 18 (13.1) 0.002 0.966
Chronic pulmonary disease 24 (8.4) 8 (5.8) 0.863 0.353
Autoimmune diseases 7 (24) 4 (2.9) 0.082 0.775
Infection site (n, %)
Respiratory tract 184 (64.3) 103 (75.2) 4.996 0.025
Abdominal cavity 57 (19.9) 26 (19.0) 0.053 0.818
Urinary tract 21 (7.3) 5 (3.6) 2.190 0.139
Others 10 (3.5) 3(22) 0.531 0.466
MV (n, %) 31 (10.8) 40 (29.2) 22.350 <0.001
Vital signs
Temperature (°C) 38.5 (38.0, 38.9) 38.7 (384, 39.2) —4.051 <0.001
MAP (mmHg) 79.0 (72.8, 89.0) 68.0 (60.5, 85.5) —4.414 <0.001
Heart rate (times/min) 100.0 (88.0, 112.0) 131.0 (118.0, 142.0) —12.734 <0.001
Respiratory rate (times/min) 26.0 (24.8, 27.0) 28.0 (26.0, 31.0) —8.156 <0.001
Blood gas analysis
pH 7.45 (7.40, 7.48) 7.42 (7.34, 7.46) —-3.356 <0.001
PaCO, (mmHg) 27.8 (23.0, 32.6) 26.0 (21.0, 30.0) —2.843 0.004
PaO, (mmHg) 87.0 (73.0, 123.0) 87.0 (72.0, 114.0) —0.524 0.601
Oxygenation Index 330.0 (242.0, 438.5) 317.0 (228.0, 419.0) —-1.307 0.191
SBE —3.90 (-7.30, —0.40) —5.70 (—11.4, —2.50) —3.935 <0.001
K* (mmol/L) 3.7 (33, 4.1) 39 (3.3,43) —1.798 0.072
Na* (mmol/L) 133.8 (130.0, 137.7) 133.5 (130.1, 137.7) —0.073 0.942
Ca* (mmol/L) 2.1 (1.9, 2.2) 2.1 (1.9, 2.2) —0.655 0.512
Mg®* (mmoliL) 0.9 (0.8, 1.0) 0.9 (0.8, 1.0) —0.021 0.983
Glucose (mmol/L) 7.6 (6.0, 9.9) 8.7 (6.5, 12.1) -2.542 0.011
Lactic acid (mmol/L) 2.1 (1.5, 2.8) 3.1 (2.0, 4.6) —6.161 <0.001

Abbreviations: AF, atrial fibrillation; SOFA, sequential organ Failure assessment; APACHE-II, acute physiology and chronic health
evaluation Il; GCS, Glasgow Coma Scale; MV, mechanical ventilation; MAP, mean arterial pressure; Ph, pondus hydrogenii; PaCO2,
partial pressure of carbon dioxide; PaO2, partial pressure of oxygen in arterial blood; SBE, standard base excess.
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Table 2 A Comparison of the Auxiliary Examinations of N-AF and AF Groups

Clinical Characteristics N-AF (N=286) AF (N=137) y*ItIZ | P-Value
BUN (mg/dl) 84 (5.7, 14.9) 11.2 (7.0, 20.3) —3.3684 | <0.001
Creatinine (umol/L) 84.8 (59.8, 184.3) 122.3 (83.4, 230.1) -3.727 <0.001
Albumin (g/mL) 33.445.6 33.246.1 0.348 0.728
Complete blood count
WBC (10°/L) 11.3 (8.3, 15.3) 112 (7.7, 18.8) —0.552 0.581
ANC (10°/L) 9.5 (6.6, 13.4) 10.3 (6.6, 16.6) —1.261 0.207
ALC (10°/L) 0.8 (0.5, 1.3) 0.6 (0.3, 1.0) —3.406 <0.001
AMC (10°/L) 0.7 (04, 1.1) 0.6 (0.3, 0.9) —2.538 0.011
RBC (10'%/L) 4.0 (3.3, 4.5) 4.0 (3.4, 4.7) —-1.518 0.129
Hemoglobin (g/L) 120.0 (96.0, 138.0) 121.0 (98.5, 141.0) —0.660 0.509
Platelet (10%/L) 177.0 (112.0, 239.3) 157.0 (95.0, 217.0) —1.603 0.109
Coagulation parameters
Fibrinogen (ug/mL) 45 (3.4, 5.6) 4.5 (3.6, 5.6) —0.547 0.584
PT (s) 134 (12.2, 15.2) 13.6 (12.5, 15.5) —1.148 0.251
INR 1.2 (1.1, 1.3) 1.2 (1.1, 1.4) —0.835 0.404
APTT (s) 30.8 (27.9, 34.6) 31.5 (285, 35.0) —1.021 0.307
TT(s) 19.2 (17.6, 21.1) 19.5 (17.8, 21.5) —1.048 0.295
D-dimer (ng/mL) 1056.0 (513.0, 2379.8) 1773.0 (661.5, 4100.5) -3.511 <0.001
Myocardial markers
cTnl (ug/L) 0.02 (0.01, 0.09) 0.05 (0.02, 0.18) —4.024 <0.001
CK-MB (ng/mL) 1.3 (0.6, 2.9) 2.3 (0.8, 4.5) -3.363 <0.001
Myoglobin (ug/L) 114.2 (48.4, 303.4) 250.7 (78.5, 825.9) —4.730 <0.001
NT-proBNP (ng/L) 1665.0 (359.3, 5272.5) | 2520.0 (710.5, 12,800.0) | —3.334 <0.001
Inflammatory markers
CRP (mg/L) 81.9 (40.9, 90.0) 90.0 (67.2, 90.0) —2.854 0.004
Log IL-6 122.0 (41.4, 395.0) 430.2 (100.8, 3307.0) —5.934 <0.001
Procalcitonin (ng/mL) 2.5 (0.3, 14.2) 13.6 (3.2, 42.6) —5.954 <0.001
SAA (mg/L) 230.1 (68.3, 264.2) 2429 (184.7, 269.6) —2.255 0.024
Cardiac function parameters
LVEF (%) 61.9 (58.9, 63.0) 61.0 (57.9, 62.7) —1.417 0.156
LVESV (mL) 32.0 (30.0, 34.0) 32.0 (30.0, 33.6) —0.294 0.769
LVEDV (mL) 48.0 (45.0, 50.0) 48.0 (45.0, 49.0) —0.905 0.365

Abbreviations: AF, atrial fibrillation; BUN, blood urea nitrogen; WBC, white blood cell count; ANC, absolute neutrophil
count; ALC, absolute lymphocyte count; AMC, absolute monocyte count; RBC, red blood cell count; PT, prothrombin time;
INR, international normalized ratio; APTT, activated partial thromboplastin time; TT, thrombin time; cTnl, cardiac troponin I;
CK-MB, creatine kinase isoenzyme MB; BNP, B-type natriuretic peptide; CRP, c-reactive protein; IL-6, interleukin-6; SAA,
serum amyloid A; LVEF, left ventricular ejection fraction; LVESV, left ventricular end-systolic volume; LVEDV, left ventricular

end-diastolic volume.

Independent Risk Factors in the Training Cohort
We used LASSO regression to eliminate redundant variables and reduce the risks of collinearity and overfitting. In the

training cohort, LASSO regression analysis was performed with cross-validation, and 5 variables with non-zero
coefficients (HR, SOFA, BUN, AMC, and Log IL-6) were selected based on optimal A and 1 standard error
(Figure 2A and B). In our training cohort (n=299), the number of patients with the outcome event (NOAF) was 91,
and 5 predictive parameters were retained in the final LASSO model. This results in an events per variable of 18.2 (91/5),
which meets the widely accepted minimum threshold of 10-20 events per variable. Through multivariate logistic
regression analyses, we determined that HR, BUN, and Log IL-6 were independent risk factors for NF (Table 3).

Development of NF-Predicting Nomogram
Based on the results of multivariable logistic regression analysis, a nomogram was constructed to predict the risk of NF

(Figure 3).
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Figure 2 Variable selection for the LASSO regression model. (A) Coefficient profile plot was constructed based on the log()) sequence. (B) By deriving the optimal lambda,
5 variables with non-zero coefficients were selected. After validating the optimal X in the LASSO model, we plotted the partial likelihood deviance (binomial deviance) curve
against log(lambda), with dashed vertical lines drawn according to the |-standard error criterion.

Evaluation and Validation of Nomogram

Discrimination Ability

The ROC curve was used to evaluate the discriminative ability of the predictive model. The AUC of the nomogram was
0.925 in the training cohort (Figure 4A) and 0.866 in the validation cohort (Figure 4B), indicating excellent performance.

Calibration Ability

A calibration curve and Hosmer—Lemeshow test were used to assess the calibration of the predictive model. From the
calibration curves, the model showed a good fit in both the training and validation cohorts. As shown by the Hosmer—
Lemeshow test, the predicted and actual probabilities were highly consistent (Figure 5SA and B).

Clinical Usefulness

DCA showed that in the training cohort, if the threshold probability was within the range of 3%—-97%, using this
nomogram to predict the risk of NF could yield a net benefit (Figure 6A); in the validation cohort, the threshold
probability range for net benefit was 2%—75% (Figure 6B). As indicated by the CIC, in the training cohort, when the
threshold probability was 40%—79% (Figure 6C), the number of high-risk individuals predicted by this nomogram was
close to the number of actual cases; in the validation cohort, this threshold probability was 55%—87% (Figure 6D). Taken
together, the DCA and CIC results indicate that this model has good clinical applicability.

Table 3 Results of the Multivariate Logistic

Regression Analysis Using the Training

Cohort

Variables | OR 95% CI P-Value
HR 1.105 | 1.076, 1.136 | <0.001
SOFA 1.028 | 0.955, 1.108 0.462
BUN 1.057 | 1.022, 1.093 0.001
AMC 0.948 | 0.863, 1.042 0.268
Log IL-6 3.531 | 1.844, 6.761 <0.001

Abbreviations: OR, odds ratio; Cl, confidence interval;
HR, heart rate; SOFA, sequential organ failure assess-
ment; BUN, blood urea nitrogen; AMC, absolute mono-
cyte count; IL-6, interleukin-6.
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Figure 3 Independent risk factors-HR, BUN, and Log IL-6 for nomogram prediction model. Annotation: The red circle in the figure indicates the scoring process for an
example patient: Draw a vertical line downward from the first red dot on the “Points” axis to intersect with the red dot on the “BUN” axis, indicating that when BUN =5,
the Points is —0.43; Draw a vertical line downward from the second red dot on the “Points” axis to intersect with the red dot on the “Log IL-6” axis, indicating that when
Log IL-6 = 0.47, the corresponding Points is 1.56; Draw a vertical line downward from the third red dot on the “Points” axis to intersect with the red dot on the “HR” axis,
indicating that when HR = 131.25, the corresponding points is 2.06; Sum up the points of the three variables: the Total points = 3.19. Draw a vertical line downward from the
total points to intersect with the “Risk of atrial fibrillation” axis, showing that a total points of 3.19 corresponds to a predicted risk of atrial fibrillation of 81.11%.
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Figure 4 ROC of the NF risk nomogram prediction. (A) The blue line represents the performance of the nomogram in the training cohort. (B) The red line represents the
performance of the nomogram in the validation cohort.
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Figure 6 DCA curves and CIC of the nomogram prediction model for the risk of AF in sepsis patients. (A) DCA curves for training cohort; (B) DCA curves for validation
cohort; (€) CIC for training cohort; (D) CIC for validation cohort.

Notes: For (A) and (B) (DCA): This yellow line marks a critical threshold where the nomogram yields net benefit (within 3%—97% range in training cohort and within 2%—
75% range in validation cohort); For (C) and (D) (CIC): This yellow line marks a critical threshold where the number of predicted high-risk individuals is close to the number
of actual cases (within 40%—79% range in training cohort and within 55%-87% range in validation cohort).

Discussion

Studies have shown that sepsis is a risk factor for AF, and that the occurrence of AF in sepsis patients significantly
increases the length of hospital stay, mortality rate, and incidence of stroke.>'"'*!® Thus, early identification of high-risk
populations for NOAF in sepsis is a key focus for emergency and critical care physicians. Although risk factors for

NOAF in sepsis-such as advanced age, organ dysfunction, obesity, and heart rate-have been identified,'®!”

relying solely
on risk factor analysis cannot conveniently or quickly calculate the specific probability of AF occurrence. In contrast,
predictive models integrate multiple variables to estimate the probability of an outcome more comprehensively and
efficiently. In this study, LASSO regression identified HR, SOFA score, BUN, AMC, and Log IL-6 as potential predictors
for NOAF in sepsis. These were subsequently incorporated into a multivariate logistic regression, which ultimately
established a final model based on HR, BUN, and Log IL-6. The evaluation demonstrated that this model possesses good
discriminative ability, calibration, and clinical utility, indicating its value for the accurate risk stratification of NOAF in
septic patients.

Notably, the variables integrated into our nomogram encompass distinct categories: an inflammatory marker (IL-6),
a biochemical parameter (BUN), and a vital sign (HR). This diversity enhances the model’s clinical utility, as these
routinely available tests facilitate implementation even in resource-limited settings. Furthermore, this specific combina-

tion of indicators may reflect the pathophysiological process of NOAF: IL-6 potentially acts as an initial driver,
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promoting changes in physiological markers like BUN; these subsequent alterations in organ function may then manifest
as heart rate instability, ultimately culminating in the onset of NOAF. Similarly, Yu et al'® reported a model combining
IL-6, BUN, and MAP for sepsis prediction (AUC: 0.848). Together, these findings suggest that clinicians should extend
the application of such biomarkers beyond assessing severity and prognosis to include the proactive prediction of

19
1

complications. While Akash Batta et al~ have extensively explored the bidirectional relationship between coronary

artery disease (CAD) and AF—where CAD promotes AF through ischemia-induced electrical remodeling, and AF, in

turn, accelerates atherosclerosis and thrombus formation®®!

—our study did not identify CAD as an independent risk
factor for NOAF in sepsis. Nevertheless, their work underscores the critical role of ischemia and endothelial dysfunction
in AF pathogenesis. This mechanism is highly relevant to sepsis, wherein systemic hypoperfusion, inflammatory cytokine
storms, and widespread endothelial injury collectively create a substrate that markedly increases the risk of NOAF.
Inflammation is central to the pathogenesis of NOAF, where pro-inflammatory cytokines like IL-6 instigate a cytokine
storm. This cascade promotes atrial fibrosis and electrophysiological alterations, ultimately destabilizing the heart’s
electrical activity.?

IL-6 is a pleiotropic cytokine central to regulating inflammatory, immune, and hematopoietic processes. Upon its
release from local inflammatory sites into the circulation, it stimulates the hepatic production of acute-phase proteins (eg,
CRP, SAA, fibrinogen).” It is precisely this pivotal role in orchestrating systemic inflammation that positions IL-6 as
a primary driver of the immune dysregulation underlying sepsis.”* Elevated IL-6 levels are an established risk factor for

2526 and its specific link to AF is increasingly recognized. A multicenter analysis by Li et al'*

poor prognosis in sepsis,
demonstrated that the IL-6-induced acute-phase proteins CRP and fibrinogen are risk factors for NOAF in sepsis; a model
incorporating these markers showed high predictive accuracy (AUC: 0.861 training, 0.845 validation). Consistently, Bai
et al*’ reported significantly higher serum IL-6 concentrations in AF patients. Complementing these clinical findings,

experimental evidence from Keefe et al*®

revealed that macrophage-specific deletion of the IL-6 receptor prevented
postoperative AF in mice, directly implicating IL-6 signaling in AF pathogenesis. Our previous studies in septic mice
with AF revealed an upregulation of sphingosine-1-phosphate receptor 2 (S1PR2), an upstream regulator of IL-6.
Critically, inhibiting SIPR2 with JTE-013 significantly reduced AF incidence.”” In conclusion, IL-6 is strongly and
closely associated with NOAF in sepsis. Clinically, a sharp rise in IL-6 should alert physicians to an increased risk of
NOAF. Furthermore, as over 90% of BUN is renally excreted, its elevation in our model likely reflects sepsis-associated
renal dysfunction, which may contribute to AF susceptibility through electrolyte and metabolic disturbances.

BUN is a routine clinical biomarker primarily used to assess renal function, with additional utility in evaluating
systemic conditions. Its prognostic value in sepsis is well-established. For instance, BUN has been identified as an
independent risk factor for both the presence and severity of neonatal sepsis,’® a predictor of sepsis in patients with acute
pancreatitis,’' and a key indicator in models predicting sepsis in pyogenic liver abscess.*> Furthermore, BUN contributes
to outcome prediction, as demonstrated by its role in forecasting 28-day mortality in sepsis-induced liver injury based on
machine learning.’® Beyond overall prognosis, BUN is valuable for anticipating specific sepsis complications. It is an
independent risk factor for acute respiratory distress syndrome®* and a significant component in models predicting
persistent sepsis-associated acute kidney injury.*® Importantly, elevated BUN levels are also associated with an increased
risk of atrial fibrillation,*® reinforcing its relevance in the context of NOAF. In sepsis, the heart and kidneys engage in
a detrimental crosstalk, where dysfunction of one organ exacerbates injury to the other through intertwined hemodynamic
and neurohumoral pathways.>’ Elevated BUN often signifies renal impairment, which can promote arrhythmogenesis
through two principal mechanisms: the accumulation of uremic toxins that suppress myocardial contractility, and the

1°® who

induction of electrolyte disturbances. This pathophysiological link is further illuminated by the work of Chen et a
demonstrated that hydrogen sulfide alleviates sepsis-induced cardiorenal injury by activating the PINK 1/Parkin pathway
to enhance mitophagy. This process polarizes macrophages from a pro-inflammatory (M1) to an anti-inflammatory (M2)
phenotype, improving mitochondrial function and reducing inflammatory infiltration in both organs. Therefore, the
excessive inflammatory response and cytokine storm represent a common mechanism underpinning both renal and
cardiac damage in sepsis. Clinically, BUN should not be viewed solely as a marker of renal function; its levels should
also alert clinicians to potential cardiac implications, including sepsis-induced myocardial injury and associated NOAF.

HR refers to the number of times the heart beats per minute, and it is affected by a variety of factors, such as exercise,
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body temperature, infection, and inflammation. AF is characterized by absolute irregularity of heart rhythm and
a relatively rapid HR. While increased HR lacks specificity, in sepsis patients, if there is concomitant elevation of IL-
6 and BUN, clinical vigilance should be exercised regarding the risk of NOAF.

Although the predictive model established in this study exhibits excellent discriminative ability, calibration, and
clinical applicability, it still has the following limitations. First, this study is a single-center retrospective study. The
disease severity, infection sites, etiologies, patient populations, and diagnostic and therapeutic levels of sepsis patients in
different regions and hospitals vary, and thus the results of this single-center study may not be extrapolated to other
clinical settings. Additionally, retrospective studies cannot effectively control biases in a prospective manner. In the
future, it is necessary to conduct multicenter, prospective studies to reduce selection bias and enhance clinical utility.
Second, although the indicators included in the predictive model of this study cover inflammatory markers, biochemical
markers, and vital signs, these indicators are affected by multiple factors and lack specificity. Therefore, it will be
necessary to develop indicators with both sensitivity and specificity in future research. Previous studies have demon-

3940 and omics-based research may provide

strated the value of omics in identifying diagnostic and predictive biomarkers,
clues for screening diagnostic and predictive biomarkers of NOAF with both sensitivity and specificity. Third, although
our study included factors potentially associated with NOAF development-such as comorbidities, mechanical ventilation,
serum potassium, serum calcium, serum magnesium, and inflammatory markers-it did not incorporate the use of
norepinephrine. Norepinephrine is commonly used in sepsis patients and exerts an impact on heart rate and rhythm.
Exploring its effect on NOAF may be of great value. Fourth, the model validation in this study was conducted via
internal validation, which fails to assess the model’s generalizability and robustness. Prior to clinical application,

multicenter validation is further required.

Conclusion

Despite these limitations, our study demonstrates that log IL-6, BUN, and HR are independent risk factors for NOAF in
sepsis patients. The predictive model developed using these factors exhibits good discriminative ability, calibration, and
clinical applicability, which may provide a reference for the early identification of NOAF induced by sepsis.
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