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Abstract 18 

 19 

Background: Persistent atrial fibrillation (AF) is phenotypically heterogeneous. Existing 20 

phenotyping approaches rely predominantly on costly imaging or biomarker panels, limiting 21 

routine clinical applicability. Pulse rate deficit (PRD), an easily measurable clinical sign, is 22 

associated with exercise intolerance and impaired hemodynamics. Whether PRD can classify AF 23 

phenotypes and predict the response to catheter ablation remains unknown. 24 



2 

 25 

Methods: Consecutive patients with persistent AF undergoing first catheter ablation were 26 

prospectively enrolled at a single center; 103 formed the final clustering cohort. PRD was 27 

measured as |heart rate - pulse rate| (bpm) by a single investigator using sequential cardiac 28 

auscultation (60 s) and radial artery palpation (60 s), with measurement order randomized per 29 

patient. Pearson correlation analysis assessed the clinical correlates of PRD. Unsupervised 30 

K-means clustering (K=5) was applied to 7 standardized features (PRD, heart rate, pulse rate, LVEF, 31 

NT-proBNP, eGFR, age; random_state=42). Clustering stability was evaluated across 10 random 32 

seeds using the adjusted Rand index (ARI) and reclassification rate. 33 

 34 

Results: Of 108 enrolled patients, 103 (mean age 63.2 ± 9.8 years, 22.3% female) formed the final 35 

clustering cohort. PRD correlated significantly with heart rate (r=+0.570, P<0.001), LVEF (r=-0.382, 36 

P<0.001), heart failure (r=+0.342, P<0.001) and WBC (r=+0.400, P<0.001). Five clusters were 37 

identified: C0 (markedly elevated PRD, preserved LVEF, n=16), C1 (low PRD, young, n=45), C2 38 

(extreme phenotype: youngest, highest PRD, lowest LVEF, 100% heart failure, n=4), C3 (oldest, 39 

low PRD, n=29) and C4 (highest NT-proBNP, n=9). The silhouette score at K=5 was 0.196. C2 40 

remained stable in 9/10 seeds (mean ARI=0.724, mean reclassification rate=11.4%). In 41 

exploratory analyses, recurrence rates did not differ significantly across clusters (P=0.386). 42 

 43 

Conclusions: PRD is a valid, bedside-available phenotypic marker that identifies distinct AF 44 

subgroups, including a reproducible extreme subtype (C2: young, high PRD, reduced LVEF, 100% 45 

heart failure). Its primary value lies in cross-sectional phenotyping rather than prognosis 46 
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prediction. Larger studies are needed to validate these phenotypes and their prognostic 47 

implications. 48 

 49 

Keywords: Atrial fibrillation; Pulse rate deficit; Phenotyping; Unsupervised clustering; Catheter 50 

ablation 51 

 52 

 53 

 54 

Background 55 

 56 

Atrial fibrillation (AF) is a heterogeneous disease with diverse clinical manifestations and a 57 

substantial global health burden [1]. Although catheter ablation is an established treatment [2,3], 58 

its success rate varies substantially across patients, especially in patients with persistent AF [2]. 59 

Phenotyping AF patients using multidimensional clinical data has emerged as a promising 60 

approach to identify subgroups with distinct mechanisms and treatment responses [4,5]. However, 61 

existing phenotyping studies have predominantly relied on costly imaging or biomarker panels 62 

[4,6], limiting their routine clinical applicability. A simple, bedside-available parameter capable of 63 

contributing to AF phenotyping would be of considerable practical value. 64 

 65 

Pulse rate deficit (PRD), defined as the absolute difference between heart rate (by auscultation) 66 

and pulse rate (by palpation), reflects the number of cardiac cycles with insufficient stroke 67 

volume to generate a peripheral pulse, a direct consequence of RR interval irregularity in AF [7]. 68 
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As a clinical sign, pulse deficit has been recognized for decades as a simple, bedside marker of 69 

ineffective cardiac output in AF, which is found to be linked to exercise intolerance and impaired 70 

hemodynamics [7]. Impaired hemodynamics have been found to be associated with AF 71 

recurrence [8]. While data-driven approaches have been explored to classify AF phenotypes with 72 

complex parameters [4,5,9,10], whether PRD, a readily available clinical parameter, can identify 73 

clinically meaningful AF subgroups remains unknown. 74 

 75 

We hypothesized that integrating PRD with multidimensional clinical parameters could identify 76 

novel AF phenotypes via unsupervised machine learning. The primary objectives were to: (1) 77 

assess the clinical correlates of PRD by correlating it with established clinical indicators; (2) 78 

identify clinically meaningful AF phenotypes using unsupervised clustering; and (3) explore the 79 

association between PRD-derived phenotypes and post-ablation recurrence.  80 

 81 

 82 

Methods 83 

 84 

Study Population 85 

 86 

This single-center prospective study consecutively enrolled patients with persistent AF undergoing 87 

first catheter ablation at the First Affiliated Hospital with Nanjing Medical University, between 88 

August 2025 and December 2025. Inclusion criteria: (1) age ≥18 years; (2) persistent AF, defined 89 

as AF sustained beyond 7 days or requiring pharmacological/electrical cardioversion for 90 
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termination, according to current guidelines [2]; (3) first ablation procedure. Exclusion criteria: (1) 91 

hypertrophic cardiomyopathy; (2) permanent pacemaker implantation; (3) hyperthyroidism or 92 

hypothyroidism; (4) severe valvular disease (including moderate-to-severe aortic stenosis or 93 

regurgitation, and moderate-to-severe mitral stenosis); (5) missing PRD measurement, due to 94 

unclear heart sounds or impalpable pulse; (6) incomplete baseline data. Patients with impalpable 95 

radial pulse were further evaluated by upper extremity vascular ultrasound to exclude peripheral 96 

arterial disease. The study protocol was approved by the Institutional Review Board of the First 97 

Affiliated Hospital of Nanjing Medical University, and all patients provided written informed 98 

consent. 99 

 100 

Baseline Characteristics 101 

Baseline characteristics were collected at admission, which included: (1) demographics (age, 102 

gender, BMI); (2) AF-related parameters (AF duration, EHRA symptom score); (3) vital signs 103 

(heart rate, pulse rate); (4) comorbidities (hypertension, diabetes mellitus, heart failure, prior 104 

stroke/TIA/thromboembolism, coronary artery disease or peripheral vascular disease); and (5) 105 

medications (anticoagulants, RAAS inhibitors, beta-blockers, statins). 106 

Additional data were collected before the index procedure, which included (1) echocardiographic 107 

parameters (LVEF, left ventricular end-diastolic diameter, left ventricular end-systolic diameter, 108 

left atrial diameter); (2) laboratory indicators (NT-proBNP, eGFR, WBC, neutrophil count, 109 

hemoglobin, albumin, indirect bilirubin); 110 

Additional variables are listed in Table 1. All measurements were performed by blinded 111 

investigators. 112 
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 113 

PRD Measurement 114 

 115 

PRD was measured by a single investigator (blinded to clinical data) using cardiac auscultation 116 

(60 seconds at the cardiac apex) and radial artery palpation (60 seconds), performed sequentially 117 

with randomized order. The measurement order (auscultation first vs. palpation first) was 118 

determined using a computer-generated random sequence prior to each patient encounter. PRD 119 

was calculated as |heart rate - pulse rate| (bpm). All measurements were performed at the first 120 

medical contact before ablation and during persistent AF (confirmed by 12-lead ECG). 121 

 122 

Ablation procedure 123 

Ablation was performed following the STABLE-SR strategy [11,12]. Circumferential pulmonary 124 

vein isolation was performed first. Sinus rhythm was then restored by electrical cardioversion, 125 

and high-density bipolar voltage mapping of the left atrium was performed during sinus rhythm. 126 

Left atrial low voltage area (LVA) was defined as a bipolar electrogram amplitude <0.50 mV at ≥3 127 

adjacent points during sinus rhythm and were modified when present. Detailed LVA modification 128 

strategy was previously reported [12]. 129 

 130 

 131 

Follow-up and Recurrence Definition 132 

 133 

All patients were followed for 6 months after ablation. Regular 12-lead ECG and 24-hour Holter 134 
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monitoring was performed at 6 months. Antiarrhythmic drugs were prescribed for 3 months 135 

post-ablation unless contraindicated and discontinued thereafter [2,3]. Anticoagulation was 136 

prescribed for at least 3 months and its continuation was left to the discretion of physicians. 137 

Recurrence was defined as any documented episode of atrial fibrillation, atrial flutter, or atrial 138 

tachycardia lasting ≥30 seconds on 12-lead ECG or 24-hour Holter monitoring after a 3-month 139 

blanking period [3].  140 

 141 

Statistical Analysis 142 

 143 

Correlation analysis: Pearson correlation was used to assess PRD's correlations with clinical 144 

variables (reported as r and P values), among all 104 patients with available PRD data. One 145 

additional patient who had PRD data but was excluded from clustering due to incomplete key 146 

variables was therefore included in the correlation analysis, while the clustering analysis 147 

comprised 103 patients. 148 

 149 

Clustering analysis: We applied K-means clustering to identify patient subgroups, building on a 150 

growing body of unsupervised phenotyping studies in AF [4,5,9,10] and established methodologic 151 

approaches for unsupervised learning in cardiovascular research [13]. Feature selection for 152 

clustering was guided by clinical plausibility and pathophysiological considerations, aiming to 153 

capture multidimensional aspects of AF without overfitting the modest sample size (n=103). 154 

Seven continuous variables were chosen a priori to represent four domains: (1) pulse deficit (PRD, 155 

the primary variable); (2) rate-related parameters (heart rate, pulse rate); (3) cardiac function and 156 
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remodeling (LVEF, NT-proBNP); and (4) comorbidity burden (eGFR, age). 157 

 158 

We deliberately excluded other available variables (e.g., LAD, left atrial low voltage, 159 

inflammatory markers, categorical comorbidities) for three reasons: (1) binary/categorical 160 

variables are suboptimal for Euclidean distance-based K-means clustering; (2) including too many 161 

features would increase the risk of overfitting given the sample size; and (3) we conducted two 162 

sensitivity analyses — adding left atrial diameter (LAD) and adding left atrial low voltage 163 

separately to the 7-feature model (8-feature models) — and compared their silhouette scores and 164 

Adjusted Rand Indices against the primary 7-feature clustering to assess whether these variables 165 

materially altered cluster stability. The 7-feature model was retained for parsimony and 166 

reproducibility on the basis of these analyses (reported in Results). 167 

 168 

All continuous variables were standardized using StandardScaler (mean=0, SD=1) to prevent any 169 

single variable from dominating the distance calculation. The number of clusters was determined 170 

by silhouette analysis [14] across K=2–7; while K=2 yielded the highest silhouette score (0.257), 171 

K=5 was selected to maximize clinical interpretability (silhouette score=0.196), as binary 172 

partitioning would be insufficient to capture the phenotypic diversity of AF. To ensure 173 

reproducibility, the random seed was fixed at 42. K-means was initialized with k-means++ 174 

(n_init=10, max_iter=300). We acknowledge that selecting K=5 rather than the statistically 175 

favored K=2 involved partial subjective judgment, and our findings require external validation. 176 

 177 

Clustering stability: Clustering stability was assessed by running 10 different random seeds (1–10) 178 
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and calculating: (1) the Adjusted Rand Index (ARI) [15] between each partition and the seed-42 179 

partition; and (2) the reclassification rate (proportion of patients assigned to a different cluster 180 

relative to seed 42, after optimal label matching using the Hungarian algorithm). 181 

 182 

Exploratory prognostic analysis: As a secondary objective, we performed an exploratory analysis 183 

of post-ablation recurrence. Cluster-based recurrence rates were compared using the chi-square 184 

test. Logistic regression was used to evaluate the association between PRD (continuous variable, 185 

standardized) and recurrence, with adjustment for clinically relevant predefined variables (LAD, 186 

age, gender, LVEF, NT-proBNP, and eGFR; total 7 variables including PRD). Variables were 187 

selected based on clinical plausibility and pathophysiological relevance rather than univariable 188 

statistical significance, as univariable screening may inadvertently exclude important confounders. 189 

The area under the receiver operating characteristic curve (AUC) was calculated for PRD alone 190 

and for the multivariable model using 5-fold stratified cross-validation. Given the exploratory 191 

nature and limited statistical power (29 events, EPV=4.14, well below the recommended threshold 192 

of 10 [16]), these analyses should be considered hypothesis-generating. 193 

 194 

Software: All analyses were performed using Python (version 3.13.12) with scikit-learn (version 195 

1.6.0) for clustering, scipy (version 1.15.0) for statistical tests, statsmodels (version 0.14.0) for 196 

logistic regression, pandas (version 2.2.0) for data manipulation, and matplotlib (version 3.10.0) 197 

for visualization. 198 

 199 

This study is reported in accordance with the STROBE cohort statement for observational studies. 200 



10 

 201 

The reporting of this study follows the STROBE guidelines for observational studies (Additional 202 

file 6: STROBE checklist). 203 

 204 

Results 205 

 206 

Study Population 207 

 208 

A total of 108 patients were assessed for eligibility and 5 patients were excluded (Figure 1), in 209 

whom 4 lacked a valid PRD measurement and 1 had incomplete baseline variables. A valid PRD 210 

measurement was therefore available for 104 patients, of whom 103 with complete baseline data 211 

formed the final cohort for clustering analysis (mean age 63.2 ± 9.8 years, 22.3% female, Table 1); 212 

the remaining 1 patient with PRD data but incomplete baseline variables was included only in the 213 

PRD correlation analyses (n=104). The median PRD was 6.0 (IQR 3.0–10.0) bpm. Left atrial low 214 

voltage was present in 48/98 patients (49.0%) with available data. Among these 103 patients, 100 215 

underwent ablation, 2 were lost to follow-up, and 98 had complete follow-up data for prognostic 216 

analysis (Figure 1). 217 

 218 

PRD Correlations with Clinical Variables 219 

 220 

An independent two-sample t-test showed no significant difference in PRD between the two 221 

randomized measurement orders (P=0.44), indicating that measurement order did not introduce 222 
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systematic bias. PRD showed significant correlations with multiple clinical indicators among the 223 

104 patients with available PRD data (Figure 2, Additional file 1: Table S1). PRD was strongly 224 

correlated with heart rate (r=+0.570, P<0.001), 30-second heart rate (r=+0.524, P<0.001), 225 

neutrophil count (r=+0.445, P<0.001), WBC (r=+0.400, P<0.001), and LVEF (r=-0.382, P<0.001). 226 

PRD also correlated significantly with heart failure (r=+0.342, P<0.001), left ventricular 227 

end-systolic diameter (r=+0.312, P=0.001), and EHRA symptom score (r=+0.263, P=0.007). 228 

 229 

Clustering Identified Five Distinct Phenotypes 230 

 231 

K-means clustering (K=5, random_state=42, silhouette score=0.196) identified five phenotypes, 232 

each representing a distinct clinical subgroup (Table 2, Figure 3): 233 

 234 

Cluster 0 (n=16, 15.5%): "Markedly Elevated PRD with Preserved LVEF" 235 

 236 

Markedly elevated PRD (17.2 ± 8.5 bpm), elevated heart rate (102.1 ± 7.5 bpm) 237 

Preserved LVEF (62.3 ± 3.8%), heart failure rate (37.5%) 238 

NT-proBNP (561.7 ± 264.1 pg/ml) 239 

 240 

Cluster 1 (n=45, 43.7%): "Young Low-PRD Phenotype" 241 

 242 

Low PRD (5.6 ± 3.8 bpm), relatively young age (58.7 ± 6.5 years) 243 

Normal LVEF (61.1 ± 3.9%), low NT-proBNP (507.7 ± 282.4 pg/ml) 244 
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Largest cluster, representing relatively healthier AF patients 245 

 246 

Cluster 2 (n=4, 3.9%): "Extreme Phenotype - Young with High PRD and Reduced LVEF" 247 

 248 

Youngest age (43.2 ± 9.1 years), highest PRD (22.0 ± 14.8 bpm) 249 

Lowest LVEF (38.9 ± 8.1%), 100% heart failure 250 

Highest inflammatory markers (WBC 6.8 ± 2.1 ×10⁹/L) 251 

This extreme phenotype represents a noteworthy patient subgroup within our cohort: young AF 252 

patients with severe ventricular dysfunction despite markedly elevated PRD 253 

 254 

Cluster 3 (n=29, 28.2%): "Elderly Phenotype" 255 

 256 

Oldest age (71.7 ± 6.7 years), low PRD (5.1 ± 4.5 bpm) 257 

Elevated NT-proBNP (946.5 ± 506.7 pg/ml), highest stroke/TIA/thromboembolism rate (24.1%) 258 

Representative of typical elderly AF patients 259 

 260 

Cluster 4 (n=9, 8.7%): "High NT-proBNP Phenotype" 261 

 262 

Highest NT-proBNP (2249 ± 1103 pg/ml), high heart rate and pulse rate 263 

Moderate PRD (7.3 ± 4.6 bpm), 33.3% heart failure 264 

Represents patients with elevated cardiac wall stress, as reflected by markedly elevated 265 

NT-proBNP 266 
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 267 

The PCA visualization (Figure 3A) demonstrated that the five clusters occupied distinct regions in 268 

the principal component space, with C2 showing the greatest separation from other clusters. The 269 

radar chart (Figure 3B) further illustrated the unique feature profiles of each cluster, with C2 270 

exhibiting the most deviant pattern across all dimensions. 271 

 272 

Clustering Stability 273 

 274 

To assess stability, we repeated clustering with 10 different random seeds. The mean Adjusted 275 

Rand Index (ARI) across 10 seeds was 0.724 (SD=0.12), and the mean reclassification rate was 276 

11.4% (SD=5.4%), indicating moderate clustering reproducibility across random initialization 277 

seeds. The C2 core members (n=4) remained together in 9/10 seeds; in seed 8, one edge patient 278 

(the one with LVEF=50%, the highest in C2) was reassigned to C0 while the other three stayed 279 

together. In 5/10 seeds (seeds 3–7), additional patients from neighboring clusters (C0, C1, or C3) 280 

were temporarily assigned to C2, but these were boundary cases reflecting centroid initialization 281 

sensitivity rather than instability of the C2 core phenotype (Additional file 2: Figure S1). 282 

 283 

Sensitivity analyses: We conducted two sensitivity analyses by adding left atrial diameter (LAD) 284 

and the presence of left atrial low voltage separately to the 7-feature clustering model (8-feature 285 

models). Adding LAD (n=103) yielded a lower silhouette score (0.159 vs 0.196) and Adjusted 286 

Rand Index (0.619 vs 0.724) than the 7-feature model, indicating reduced clustering stability. 287 

Adding left atrial low voltage (n=98) yielded a marginally higher silhouette score (0.206 vs 0.196) 288 
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but a substantially lower Adjusted Rand Index (0.310 vs 0.724), indicating that this binary variable 289 

substantially reshuffled the cluster structure relative to the 7-feature model. In both augmentations, 290 

the C2 extreme phenotype (young age, high PRD, reduced LVEF) remained stable and intact. 291 

Based on these stability reductions, we retained the 7-feature model for parsimony and 292 

reproducibility. 293 

 294 

Sensitivity analysis removing PRD: To evaluate whether PRD drives the cluster structure, we 295 

performed an additional sensitivity analysis by removing PRD from the feature set and repeating 296 

K-means clustering with the same parameters (k=5, seed=42, 6 features: HR, PR, LVEF, 297 

NT-proBNP, eGFR, age). The reclassification rate was 24.3% (25/103 patients), with an ARI of 298 

0.608 between the full-model and PRD-excluded cluster assignments (Additional file 3: Figure 299 

S2). All 4 patients in the extreme C2 phenotype remained together in the same cluster even after 300 

removing PRD, suggesting that this subtype is stably defined by elevated PRD. It is further 301 

characterized by its constellation of associated features (young age, low LVEF, heart failure status). 302 

 303 

Exploratory Prognostic Analysis 304 

 305 

Among 98 patients with follow-up data, 29 (29.6%) experienced recurrence. In exploratory 306 

analyses, recurrence rates did not differ significantly across clusters (P=0.386). The area under the 307 

ROC curve (AUC) for PRD alone predicting recurrence was 0.579. In a predefined multivariable 308 

model adjusting for clinically relevant variables (PRD, LAD, age, gender, LVEF, NT-proBNP, 309 

eGFR; 7 variables), the AUC was 0.534 (Additional file 4: Figure S3, Additional file 5: Table S2). 310 
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The minimal difference between the two models and the wide confidence intervals indicate that 311 

additional covariates conferred no statistically significant incremental prognostic information 312 

beyond PRD under cross-validation, consistent with the small sample and low events-per-variable 313 

(EPV=4.14). No variable achieved statistical significance in the multivariable model (PRD: 314 

OR=0.742, 95% CI 0.438–1.257, P=0.268). The primary value of this clustering approach lies in 315 

cross-sectional phenotyping rather than prognosis prediction (Additional file 5: Table S2). 316 

 317 

Discussion 318 

 319 

Main Findings 320 

 321 

Key findings of the current study are: (1) PRD correlates significantly with heart rate, 322 

inflammatory markers, ventricular function, and heart failure history, supporting its clinical 323 

relevance as a bedside-available phenotypic marker; (2) unsupervised clustering identified five 324 

distinct AF phenotypes, including a previously unrecognized extreme subtype (C2: young age, 325 

high PRD, reduced LVEF, 100% heart failure); (3) PRD-derived clusters did not significantly 326 

associate with post-ablation recurrence in our exploratory analysis. 327 

 328 

Comparison with Prior Literature 329 

 330 

Relatively few studies have investigated PRD in AF. The only prior clinical study of PRD in AF 331 

(Karadavut et al.) focused on exercise intolerance, not phenotyping [7]. Our study extends this 332 
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work by demonstrating PRD's utility for identifying distinct AF subgroups. More broadly, 333 

unsupervised phenotyping has already revealed clinically and prognostically distinct AF 334 

subgroups in large cohorts [17,18], establishing a strong rationale for incorporating previously 335 

overlooked bedside parameters such as PRD. Prior AF clustering studies have used electrical 336 

parameters (ECG markers) [4], imaging phenotypes [6], plasma biomarkers [5,13], and electronic 337 

health records [5], but none incorporated PRD. For example, Zhang et al. (2025) performed 338 

K-prototype clustering in the CABANA trial and identified phenotypes associated with different 339 

outcomes [9]; Soler-Espejo et al. (2026) identified 5 AF clusters in the MAFP-III cohort with 340 

markedly different cardiovascular mortality (aHR=6.82 for the highest-risk cluster) [10]; and 341 

Gurnani et al. (2025) derived 5 AF phenotypes from AI-enhanced ECG [4] — yet none considered 342 

PRD. Similarly, Lin et al. (2026) developed an explainable ML model for stroke prediction in AF 343 

(AUC=0.91) [19], and Bifulco et al. (2025) predicted post-ablation recurrence (AUC=0.80) [20], 344 

highlighting the growing role of machine learning in AF risk stratification, though neither 345 

incorporated PRD. Our study demonstrates that adding PRD may reveal previously unrecognized 346 

subtypes (e.g., C2) that are invisible to existing phenotyping approaches. 347 

 348 

 349 

 350 

PRD as a Phenotypic Marker 351 

The primary value of this study lies in the phenotypic classification rather than prognosis 352 

prediction. The identification of distinct AF subtypes, particularly the extreme C2 phenotype, 353 

suggests that PRD captures clinically meaningful heterogeneity beyond traditional parameters. 354 
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While PRD alone may not predict recurrence, its integration into multidimensional phenotyping 355 

may inform future hypothesis-generating stratification approaches. 356 

 357 

PRD's significant correlation with heart rate (r=+0.570) is physiologically expected, as faster heart 358 

rates increase the proportion of beats with insufficient stroke volume to generate a peripheral pulse 359 

[7]. PRD also correlates with LVEF (r=-0.382), heart failure (r=+0.342), and inflammatory 360 

markers (WBC r=+0.400). Because AF is characterized by intertwined electrical and structural 361 

remodeling [21] and by atrial cardiomyopathy [22], these correlations suggest that PRD may 362 

capture this multidimensional pathophysiology. This multidimensionality makes PRD a valuable 363 

addition to existing phenotypic markers. 364 

 365 

PRD showed a weak but significant negative correlation with age (r=−0.194, P=0.048), indicating 366 

that younger AF patients tend to have higher pulse deficits. This finding is consistent with the C2 367 

phenotype (youngest age, highest PRD). One plausible explanation is that age-related changes in 368 

atrioventricular (AV) node conduction modulate the ventricular response during AF. In younger 369 

patients, the AV node typically conducts a larger proportion of atrial impulses to the ventricles, 370 

resulting in faster and more irregular ventricular rates, which in turn increase the proportion of 371 

beats with insufficient stroke volume to generate a palpable pulse. Conversely, age-related AV 372 

node conduction slowing in older patients limits ventricular rate, leading to fewer pulse deficits 373 

and a lower PRD. This age-PRD relationship further underscores the heterogeneity of AF across 374 

age groups and suggests that the clinical significance of PRD may differ between young and 375 

elderly patients. 376 
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 377 

PRD may complement existing biomarker-based assessment in AF. Our correlation analysis 378 

revealed that PRD correlated with EHRA symptom score (r=+0.263, P=0.007) but showed no 379 

significant correlation with NT-proBNP (r=-0.062, P=0.536). This divergence suggests that PRD 380 

and NT-proBNP may reflect different dimensions of hemodynamic burden in AF, with PRD more 381 

closely associated with patient-reported symptoms. In clinical practice, relying solely on 382 

NT-proBNP levels may not fully capture the symptomatic burden in some patients; PRD, as a 383 

rapid bedside measurement, could serve as a complementary tool to identify patients who warrant 384 

closer evaluation—particularly those with significant symptoms but unremarkable biomarker 385 

profiles. This is especially relevant for the C0 phenotype, where patients exhibited markedly 386 

elevated PRD despite preserved LVEF, suggesting that PRD may identify hemodynamic 387 

impairment even when conventional echocardiographic parameters remain within normal ranges. 388 

 389 

The Distinct C2 Phenotype 390 

 391 

The most distinctive finding is Cluster 2 (n=4): remarkably young (43.2 years), highest PRD (22.0 392 

bpm), lowest LVEF (38.9%), and 100% heart failure. This phenotype may reflect a severe form of 393 

hemodynamic impairment related to irregular RR intervals [22,23]; however, the cross-sectional 394 

design precludes determining whether irregular RR intervals lead to reduced LVEF or whether 395 

pre-existing cardiomyopathy rendered these patients more susceptible to a pronounced pulse 396 

deficit. The coexistence of high PRD and reduced LVEF suggests that severe pulse deficit may be 397 

associated with ventricular dysfunction, independent of rate alone. 398 
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 399 

Several mechanisms may explain this phenotype: (1) loss of atrial kick: in AF, loss of atrial 400 

contraction reduces cardiac output by 15–30%, and the resulting hemodynamic perturbation 401 

engages the cardiac baroreflex within a closed-loop system, wherein baroreflex suppression 402 

further compromises ventricular function in already compromised ventricles [23]; (2) RR interval 403 

irregularity: AF-induced RR chaos further impairs ventricular filling and increases myocardial 404 

oxygen demand, as reviewed in [21] and supported by prognostic data in HF+AF cohorts [24]; (3) 405 

neurohormonal activation: chronic AF activates the renin-angiotensin system, promoting 406 

ventricular remodeling, as reviewed in [22]. 407 

 408 

The identification of the C2 phenotype — young AF patients with high PRD and reduced LVEF 409 

— raises the hypothesis that early rhythm control might attenuate further ventricular deterioration 410 

in this subgroup; this remains to be tested prospectively, as our cross-sectional design cannot 411 

establish therapeutic benefit. C2's core stability (4/4 members intact in 9/10 seeds) suggests it is 412 

not a clustering artifact but a reproducible phenotype, although boundary patients from 413 

neighboring clusters were occasionally absorbed into C2 under different initialization seeds. The 414 

persistence of the C2 phenotype after PRD removal from the clustering features (all 4 patients 415 

remained together) suggests that it is not merely a univariate artifact driven solely by PRD 416 

elevation, but rather a stable, multidimensional patient subgroup anchored by the concurrent 417 

presence of young age, severely reduced LVEF, and heart failure — with PRD potentially 418 

reflecting this underlying hemodynamic burden. Although C2 had the most severe hemodynamic 419 

phenotype, NT-proBNP was not the highest, suggesting that PRD may reflect acute hemodynamic 420 
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compromise beyond biomarker elevation. 421 

Notably, although clusters C2 and C4 had nearly identical heart rates (103.75 vs 104.11 bpm), 422 

their PRD differed markedly (22.00 vs 7.33 bpm), reflecting a fundamental difference in the 423 

efficiency of cardiac output. This contrast suggests that C2 may represent a tachycardia-mediated 424 

cardiomyopathy-like phenotype [22], in which rapid ventricular rates generate a high proportion 425 

of hemodynamically ineffective beats, whereas C4 reflects preserved stroke volume despite a 426 

rapid rate. Given the cross-sectional design, the reversibility of the reduced LVEF in C2 after rate 427 

control could not be assessed and warrants prospective validation. 428 

 429 

Exploratory Prognostic Findings 430 

 431 

Applying unsupervised clustering to derive AF phenotypes and subsequently testing their 432 

association with clinical outcomes is an established analytical strategy [17,18]. In line with this 433 

approach, we conducted an exploratory analysis of whether the PRD-derived phenotypes were 434 

associated with post-ablation recurrence. We did not observe a significant association (P=0.386). 435 

This null finding should not be over-interpreted: the phenotypes were derived to capture 436 

baseline clinical heterogeneity rather than to define a recurrence substrate, and prior 437 

unsupervised AF phenotyping studies have been primarily linked to hard cardiovascular 438 

endpoints rather than post-ablation recurrence [17,18]. The modest sample size (n=103) and 439 

limited number of recurrence events (n=29) further reduced statistical power to detect modest 440 

effect sizes. Larger studies are needed to determine whether these phenotypes carry prognostic 441 

implications. 442 
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 443 

Several additional factors may contribute to the null prognostic finding: (1) treatment effect 444 

confounding, as high-PRD patients (especially C2) likely received more aggressive management; 445 

(2) the multifactorial nature of AF recurrence, which depends on atrial fibrosis burden [6], left 446 

atrial size, and operator experience beyond baseline PRD [25]; (3) the universal 3-month 447 

antiarrhythmic drug use post-ablation, which may have suppressed recurrence and biased results 448 

toward the null; and (4) the relatively short 6-month follow-up, which may be insufficient to 449 

capture late recurrences; and (5) the primary aim was phenotypic discovery and exploration of 450 

clinical significance rather than recurrence prediction, such that a null association does not detract 451 

from the clinical value of these subtypes. 452 

 453 

 454 

 455 

 456 

 457 

Future Directions 458 

The recent PFA-SHAM and ADVENT-LTO trials have established the efficacy and durability of 459 

pulsed field ablation for AF [26,27], supporting future validation of PRD-guided early intervention 460 

in high-PRD phenotypes. Continuous PRD assessment could be enabled by wearable ECG–PPG 461 

devices—extending Zuo et al.’s demonstration of PPG-derived AF-burden accuracy (r=0.999) [28] 462 

and Ding et al.’s cross-modal PPG approach [29]—to longitudinally track hemodynamic burden, 463 

although technical validation is required. 464 
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 465 

Limitations 466 

 467 

This study has several limitations. First, the single-center design and modest sample size limit 468 

generalizability and statistical power. With only 29 recurrence events and 7 predictor variables, 469 

the study was substantially underpowered (EPV=4.14, well below the recommended threshold of 470 

10 [16]), and the prognostic analyses were therefore exploratory and hypothesis-generating. This 471 

limited power may explain why traditional predictors (LAD, NT-proBNP, LVEF) were also not 472 

significantly associated with recurrence in our cohort, contrary to prior literature [6,20]. Emerging 473 

evidence suggests that AF-related cerebral perfusion impairment [30] and symptom burden 474 

networks [31] may represent alternative prognostic dimensions not captured by recurrence alone. 475 

Second, the silhouette score of 0.196 at K=5 was relatively low, indicating considerable 476 

inter-cluster overlap, which is consistent with a continuous biological continuum of AF 477 

phenotypes rather than discrete subtypes. The extremely unequal cluster sizes, particularly the 478 

small C2 subgroup (n=4), further warrant cautious interpretation of subgroup-specific findings; 479 

however, the stability of C2's core members across 9/10 random seeds mitigates concerns about 480 

a random artifact. Third, the cross-sectional baseline design precludes causal inference; the 481 

observed associations between PRD, inflammatory markers, and ventricular function represent 482 

correlation rather than causation. In particular, systematic post-ablation LVEF reassessment was 483 

not available in this cohort, so the reversibility of the reduced LVEF in C2 and the causal direction 484 

of this association cannot be determined. Fourth, PRD was acquired by a single investigator using 485 

manual auscultation and palpation. Although measurement order was randomized and showed 486 
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no systematic bias (P=0.44), intra- and inter-rater reproducibility were not formally assessed. No 487 

standardized protocol for PRD measurement currently exists, which may limit cross-center 488 

generalizability. Fifth, LAD and left atrial low voltage were deliberately excluded from clustering 489 

(see Results for sensitivity analyses), and the universal 3-month post-ablation amiodarone use 490 

may have suppressed recurrence, biasing prognostic analyses toward the null. Finally, the 491 

6-month follow-up may be insufficient to capture late recurrences. 492 

Conclusions 493 

 494 

PRD is a bedside-available phenotypic marker that captures clinically meaningful phenotypic 495 

heterogeneity, identifying distinct AF subgroups including a reproducible extreme subtype (C2) 496 

characterized by young age, high PRD, reduced LVEF, and 100% heart failure. In exploratory 497 

analyses, PRD-derived clusters were not significantly associated with post-ablation recurrence. 498 

Future studies should validate these phenotypes in larger cohorts and explore whether PRD-guided 499 

therapy improves outcomes. 500 

 501 
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 641 

Tables 642 

Table 1. Baseline characteristics of 103 patients undergoing clustering analysis 643 

Variable Total (N=103) 

Demographics  

Age (years) 63.2 ± 9.8 

Female gender 23 (22.3%) 

BMI (kg/m²) 25.7 ± 3.6 

AF characteristics  

AF duration (months) 18.0 (3.2–57.0) 

EHRA score 2.0 ± 1.3 

PRD parameters  

PRD (bpm) 6.0 (3.0–10.0) 

Heart rate (bpm) 85.4 ± 14.1 

Pulse rate (bpm) 79.5 ± 12.5 

Echocardiography  

LVEF (%) 59.9 ± 6.4 

LVEDD (mm) 48.4 ± 3.8 

LVDs (mm) 33.0 ± 4.2 

LAD (mm) 44.3 ± 3.5 

Left atrial low voltage, n/N (%)* 48/98 (49.0%) 

Laboratory  

NT-proBNP (pg/ml) 594.6 (375.2–993.8) 

eGFR (ml/min/1.73m²) 85.7 ± 16.5 

WBC (×10⁹/L) 5.8 ± 1.5 

Neutrophils (×10⁹/L) 3.3 ± 1.1 

Hemoglobin (g/L) 145.3 ± 16.5 

Albumin (g/L) 39.7 ± 3.0 

Indirect bilirubin (μmol/L) 9.8 ± 4.4 

Comorbidities  

Hypertension 59 (57.3%) 

Diabetes mellitus 14 (13.6%) 

Heart failure 32 (31.1%) 

Prior stroke/TIA/thromboembolism 15 (14.6%) 

Coronary artery disease or peripheral vascular 
disease 

19 (18.4%) 

Data are mean ± SD, median (IQR), or n (%).  644 

*Left atrial low voltage data were available for 98 patients; the denominator reflects available data.  645 

 646 
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 647 

Table 2. Clinical characteristics of 5 clusters identified by K-means clustering 648 

 649 

Variable C0 (n=16) C1 (n=45) C2 (n=4) C3 (n=29) C4 (n=9) P value 

Demographics       

Age (years) 
61.88 ± 
8.34 

58.69 ± 
6.51 

43.25 ± 
8.26 

71.66 ± 
6.73 

70.11 ± 
6.21 

<0.001 

Female gender, n (%) 4(25%) 9(20%) 0(0%) 6(21%) 4(44%) 0.414 

BMI (kg/m²) 
26.62 ± 
3.28 

26.17 ± 
3.06 

26.77 ± 
2.17 

24.72 ± 
4.43 

24.66 ± 
3.40 

0.271 

AF characteristics       

AF duration (months) 
46.66 ± 
53.58 

40.88 ± 
62.21 

71.50 ± 
88.23 

26.49 ± 
41.87 

33.39 ± 
51.83 

0.525 

EHRA score 2.00 ± 1.46 1.73 ± 1.18 3.75 ± 0.50 2.00 ± 1.28 2.44 ± 1.33 0.033 

PRD parameters       

PRD (bpm) 
17.19 ± 
8.54 

5.60 ± 3.75 
22.00 ± 
14.76 

5.07 ± 4.54 7.33 ± 4.58 <0.001 

Heart rate (bpm) 
102.06 ± 
7.50 

81.31 ± 
9.05 

103.75 ± 
4.79 

74.21 ± 
7.80 

104.11 ± 
8.77 

<0.001 

Pulse rate (bpm) 
87.38 ± 
10.98 

76.51 ± 
8.43 

81.75 ± 
13.07 

72.72 ± 
8.23 

101.22 ± 
13.61 

<0.001 

Echocardiography       

LAD (mm) 
44.38 ± 
3.34 

43.64 ± 
3.16 

46.00 ± 
2.45 

44.66 ± 
3.64 

45.22 ± 
4.79 

0.480 

LVEDD (mm) 
48.06 ± 
2.84 

48.60 ± 
3.11 

56.25 ± 
7.09 

47.86 ± 
3.81 

46.78 ± 
3.23 

<0.001 

LVDs (mm) 
31.88 ± 
2.28 

32.69 ± 
2.91 

45.60 ± 
7.76 

32.66 ± 
4.02 

31.89 ± 
2.98 

<0.001 

LVEF (%) 
62.30 ± 
3.80 

61.05 ± 
3.93 

38.92 ± 
8.08 

59.70 ± 
6.08 

60.00 ± 
4.21 

<0.001 

Clinical scores       

CHA₂DS₂-VASc score 2.31 ± 1.89 1.51 ± 1.34 1.50 ± 0.58 3.24 ± 1.70 3.44 ± 1.74 <0.001 

APPLE score 2.19 ± 0.91 1.86 ± 0.73 2.25 ± 0.50 3.14 ± 0.92 3.67 ± 0.71 <0.001 

Laboratory       

NT-proBNP (pg/ml) 
561.73 ± 
264.12 

507.68 ± 
282.40 

531.77 ± 
341.56 

946.51 ± 
506.72 

2249.22 ± 
1102.5 

<0.001 

eGFR (ml/min/1.73m²) 
85.25 ± 
14.25 

94.76 ± 
10.38 

106.25 ± 
10.40 

75.48 ± 
11.39 

65.00 ± 
21.82 

<0.001 

WBC (×10⁹/L) 6.59 ± 1.38 5.64 ± 1.52 6.82 ± 2.07 5.54 ± 1.33 5.60 ± 0.90 0.077 

Neutrophils (×10⁹/L) 3.93 ± 1.06 3.14 ± 0.99 4.18 ± 2.18 3.26 ± 0.95 3.27 ± 0.64 0.048 

Hemoglobin (g/L) 152.38 ± 147.51 ± 146.00 ± 145.07 ± 122.56 ± <0.001 
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14.38 13.32 14.81 14.81 23.59 

Platelet count (×10⁹/L) 
195.69 ± 
48.25 

180.04 ± 
57.30 

168.00 ± 
19.51 

154.90 ± 
41.36 

190.89 ± 
70.80 

0.098 

Comorbidities, n (%)       

Heart failure, n (%) 6(37.5%) 9(20%) 4(100%) 10(34%) 3(33%) 0.018 

Hypertension, n (%) 12(75%) 24(53%) 1(25%) 16(55%) 6(67%) 0.352 

Diabetes mellitus, n (%) 2(12%) 5(11%) 0(0%) 5(17%) 2(22%) 0.776 

Prior 
stroke/TIA/throm
boembolism, n 
(%) 

1(6%) 5(11%) 0(0%) 7(24%) 2(22%) 0.335 

Coronary artery disease 

or peripheral vascular 

disease, n (%) 

4(25%) 4(9%) 1(25%) 7(24%) 3(33%) 0.262 

Data are mean±SD or n (%). P values from one-way ANOVA (continuous variables) or chi-square/Fisher's exact test (categorical 650 

variables). For NT-proBNP and APPLE in C1, data were available for 44 patients (one missing value). 651 

  652 

Figure Legends 653 

 654 

Figure 1. Study flow diagram. Flow of patients from screening (n=108) to clustering analysis 655 

(n=103) to prognostic analysis (n=98). A total of 104 patients had valid PRD data and were 656 

included in the PRD correlation analyses; one patient with valid PRD data had incomplete 657 

baseline variables and was included in the correlation analyses but excluded from the clustering 658 

analysis. 659 
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 660 

 661 

 662 

Figure 2. Correlation between PRD and key clinical variables. Bar plot showing Pearson 663 

correlation coefficients (r) between PRD and clinical variables, sorted by |r|. Red bars indicate 664 

positive correlation, blue bars indicate negative correlation. **P<0.01, ***P<0.001. 665 
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 666 

 667 

 668 

Figure 3. Cluster visualization. (A) Principal component analysis (PCA) scatter plot showing the 669 

distribution of 103 patients across 5 clusters in the first two principal components. Each color 670 

represents a different cluster. C2 (extreme phenotype) shows the greatest separation from other 671 

clusters. PC1 explained 31.2% and PC2 explained 27.7% of the variance; cumulative 58.9%. (B) 672 

Radar chart showing standardized feature profiles (z-scores) for each cluster across the 7 673 

clustering variables. C2 exhibits the most deviant pattern, characterized by markedly elevated 674 

PRD, lowest LVEF, and elevated heart rate. 675 

 676 
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Additional files 677 

 678 

Additional file 1 — File name: Additional_file_1_Table_S1_PRD_correlation.xlsx. File format: .xlsx. 679 

Title of data: Complete PRD correlation matrix (Table S1). Description of data: Pearson correlation 680 

coefficients (r) and P values between PRD and all clinical variables tested; left atrial low voltage 681 

data were available for 98 of 103 patients. 682 

 683 

Additional file 2 — File name: Additional_file_2_Figure_S1_clustering_stability.png. File 684 

format: .png. Title of data: Clustering stability analysis (Figure S1). Description of data: Heatmap 685 

showing patient assignments across 10 different random seeds (seed 1–10) compared to the 686 

reference clustering (seed 42). Patients are sorted by their seed-42 cluster assignment. C2 core 687 

members (n=4) remained together in 9/10 seeds; in seed 8, one edge patient (LVEF=50%, the 688 

highest in C2) was reassigned to C0 while the other three C2 patients stayed together. In several 689 

seeds (3–7), additional patients from C0, C1, or C3 were temporarily assigned to C2, reflecting 690 

K-means sensitivity to centroid initialization at cluster boundaries rather than instability of the C2 691 

core phenotype. 692 

 693 

Additional file 3 — File name: Additional_file_3_Figure_S2_PRD_reclassification.png. File 694 

format: .png. Title of data: PRD reclassification sensitivity analysis (Figure S2). Description of data: 695 

Confusion matrix comparing cluster assignments with PRD (7 features) versus without PRD (6 696 

features) in K-means clustering (k=5, seed=42). Diagonal elements represent patients who 697 

remained in the same cluster; off-diagonal elements represent reclassified patients. 698 
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Reclassification rate=24.3%, ARI=0.608. All 4 C2 patients remained together in the same cluster 699 

after PRD removal. 700 

 701 

Additional file 4 — File name: Additional_file_4_Figure_S3_ROC_curve.png. File format: .png. 702 

Title of data: ROC curve for PRD predicting post-ablation recurrence (Figure S3). Description of 703 

data: Receiver operating characteristic curves; both models used 5-fold stratified cross-validation. 704 

Blue line: PRD alone (AUC=0.579, 95% CI 0.456–0.700). Red line: multivariable model (AUC=0.534, 705 

95% CI 0.374–0.625). Dashed line: reference. DeLong test P=0.546 (not statistically significant). 706 

X-axis: 1 − Specificity. Y-axis: Sensitivity. 707 

 708 

Additional file 5 — File name: Additional_file_5_Table_S2_exploratory_prognostic.xlsx. File 709 

format: .xlsx. Title of data: Exploratory prognostic analysis (Table S2). Description of data: 710 

Cluster-based recurrence rates and logistic regression analysis of PRD and post-ablation 711 

recurrence (multivariable model with 7 predefined variables). 712 

 713 

Additional file 6 — File name: Additional_file_6_STROBE_checklist.docx. File format: .docx. Title 714 

of data: STROBE checklist. Description of data: Completed STROBE checklist for observational 715 
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Figures

Figure 1

Study flow diagram. Flow of patients from screening (n=108) to clustering analysis (n=103) to prognostic
analysis (n=98). A total of 104 patients had valid PRD data and were included in the PRD correlation



analyses; one patient with valid PRD data had incomplete baseline variables and was included in the
correlation analyses but excluded from the clustering analysis.

Figure 2

Correlation between PRD and key clinical variables. Bar plot showing Pearson correlation coefficients (r)
between PRD and clinical variables, sorted by |r|. Red bars indicate positive correlation, blue bars
indicate negative correlation. **P<0.01, ***P<0.001.



Figure 3

Cluster visualization. (A) Principal component analysis (PCA) scatter plot showing the distribution of 103
patients across 5 clusters in the first two principal components. Each color represents a different cluster.
C2 (extreme phenotype) shows the greatest separation from other clusters. PC1 explained 31.2% and
PC2 explained 27.7% of the variance; cumulative 58.9%. (B) Radar chart showing standardized feature
profiles (z-scores) for each cluster across the 7 clustering variables. C2 exhibits the most deviant
pattern, characterized by markedly elevated PRD, lowest LVEF, and elevated heart rate.
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