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ABSTRACT

BACKGROUND Atrial fibrillation (AF) is characterised by clinical heterogeneity owing to diverse risk factors and comorbidities.
OBJECTIVE We aimed to identify phenotypic AF clusters and their association with outcomes.

METHODS We prospectively included patients with anticoagulated AF between January 2016 and November 2021.
Phenotypic clusters were identified using hierarchical clustering. Outcomes included thromboembolic events, major bleeding,
major adverse cardiovascular events (MACE), cardiovascular and all-cause death, over a 2-year follow-up.

RESULTS Overall, 3259 patients with AF (median age 77; interquartile range [IQR] 70-83 years; 52.8% women) were included.
Five phenotypic clusters were identified: Cluster 1: patients <75 years with few comorbidities; Cluster 2: male patients <75
years with high-risk lifestyle and metabolic profile; Cluster 3: patients >75 years with stroke/transient ischaemic attack/throm-
boembolism history; Cluster 4: patients >75 years with cancer history; and Cluster 5: patients >75 years with multimorbidity.
Cluster 5 consistently exhibited the highest relative risk across all outcomes. Compared with Cluster 1, adjusted Cox models
showed significantly increased risks for: thromboembolic events (adjusted hazard ratio [aHR] range 2.37-3.31; highest in Cluster
5:aHR 3.31[95% confidence interval [CI] 1.96-5.57]); major bleeding (aHR range 3.34-4.73; highest in Cluster 5: aHR 4.73 [95%
Cl 2.51-8.91]); MACE (aHR range 2.64-4.13; highest in Cluster 5: aHR 4.13 [95% Cl 2.62-6.51]); cardiovascular death (aHR
range 4.29-6.82; highestin Cluster 5: aHR 6.82[95% CI 3.05-15.27]); and all-cause death (aHR range 2.47-4.18; highest in Clus-
ter 5: aHR 4.18 [95% CI 2.77-6.31]).

CONCLUSION Cluster analysis revealed distinct phenotypic profiles among patients with AF, each associated with differential
risks of adverse outcomes.

KEYWORDS Atrial fibrillation; Clusters; Clinical phenotype; Risk stratification; Thromboembolism; Major bleeding; MACE;
Death
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Atrial fibrillation (AF) is the most common sustained cardiac risk factors.’ Beyond these well-established associations, AF
arrhythmia, affecting approximately 1%—-2% of the global frequently coexists with multiple comorbidities, contributing
population, a prevalence projected to increase because of  to significant clinical heterogeneity and complexity.” This
population ageing and the growing burden of cardiovascular multimorbidity not only complicates management but also
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drives higher rates of mortality and disability-adjusted life
years,” highlighting the urgent need for a more nuanced,
patient-centred approach to care.*”’

Traditional classifications of AF based on arrhythmia
patterns or temporal characteristics may be insufficient to
capture the diverse clinical presentations and risks within
this population.® In contrast, a phenotypic approach,
anchored in shared clinical features, comorbidities and
risk profiles, may offer a more comprehensive framework
for patient stratification. Such an approach can uncover
distinct  subgroups with differing prognoses and
therapeutic needs, potentially guiding more personalised
treatment strategies.”

In this prospective AF cohort study, we aimed to charac-
terise phenotypic profiles of patients using cluster analysis,
and to examine the associations between these profiles
and adverse clinical outcomes.

Methods

This prospective observational study, the Murcia AF Project
I (MAFP-1), included outpatients with newly diagnosed
AF, encompassing first-diagnosed, paroxysmal, or persistent
forms. All patients were oral anticoagulation (OAC)-naive and
initiated treatment with either vitamin K antagonists (VKAs) or
direct oral anticoagulants (DOACs) at 2 anticoagulation
clinics between 1 January 2016 and 30 November 2021.
Only adults (>18 years) were eligible. Exclusion criteria
included prosthetic heart valves, rheumatic mitral disease,
or other significant valvular conditions. Those meeting the in-
clusion criteria were consecutively enrolled, as this was an all-
comers study with no prior sample size calculation.

At baseline, medical history was recorded, including soci-
odemographic and anthropometric data, comorbidities, and
concomitant therapies. Stroke (CHA;DS,-VASc, CHA,DS,-
VA)'%"" and bleeding (HAS-BLED)'? risks were assessed.

The study protocol was approved by the Ethics Commit-
tee of the University Hospital Morales Meseguer (reference:
EST:20/16) and that of the University Hospital Virgen de la Ar-
rixaca (reference: 2020-11-12-HCUVA), and was conducted
in accordance with the ethical
standards outlined in the
1964 Declaration of Helsinki
and its later amendments.
Informed consent was ob-
tained from all participants.

Abbreviations

AF: atrial fibrillation

COPD/SAHS: chronic
obstructive pulmonary dis-
ease/sleep apnoea-
hypopnoea syndrome

DOAC:s: direct oral anticoag- Primary clinical outcomes
ulants

The  primary  endpoints
included any thromboembolic
event, defined as a composite

of ischaemic stroke, transient

MACE: major adverse cardio-
vascular events

OAC: oral anticoagulation

PCA: principal component

Srelals ischaemic attack (TIA), or
thromboembolism; major

TIA: transient ischaemic .13 .

—— bleeding °; major adverse car-
diovascular events (MACE)

VKAs: vitamin K antagonists .. L
comprising myocardial infarc-

tion, ischaemic stroke/TIA, or cardiovascular death; cardio-
vascular death and all-cause death. The follow-up period
spanned 2 years.

Estimation of adherence to a healthy lifestyle and
definition of categories

Adherence to a healthy lifestyle was assessed using modifi-
able factors including blood pressure, body mass index
(BMI), smoking status, glucose levels, and alcohol consump-
tion. Each component was scored according to criteria out-
lined in Supplemental Table 1, based on the Life’s Essential
8 framework."*

Patients were categorised at baseline into three groups
according to their adherence to these modifiable factors:
poor (0-8 points); moderate (9-12 points); high (13-17
poin‘ts).15

Hierarchical clustering approach

A hierarchical agglomerative clustering approach was em-
ployed for this analysis. Baseline variables were used,
including: age (<65 years, 65-75 years, >75 years), sex, AF
type (paroxysmal or persistent), hypertension, diabetes mel-
litus, history of thromboembolic events (stroke, TIA or throm-
boembolism), vascular disease (ischaemic heart disease or
peripheral artery disease), heart failure, renal disease, dyslipi-
daemia, history of bleeding, chronic obstructive pulmonary
disease/sleep apnoea-hypopnoea syndrome (COPD/SAHS),
smoking habit, alcoholism, liver disease, previous cancer,
and BMI (<25 kg/m?, >25 kg/m?).

Each patient was initially treated as an individual cluster,
and squared Euclidean distance was used as the dissimilarity
measure. Clusters were merged using Ward’'s method, which
minimizes within-cluster variance and is widely validated in
previous studies.'®'® The optimal number of clusters was
selected by analysing the dendrogram
separation and interpretability.

to balance

Sensitivity analyses

To test the robustness of the hierarchical clustering, we con-
ducted sensitivity analyses using K-means clustering and
principal component analysis (PCA).

K-means clustering served as an alternative method to
evaluate the consistency of the identified clusters. The
optimal number of clusters was determined using the “elbow
method,” implemented via the fviz_nbclust() function in the
factoextra R package, which plots within-cluster sum of
squares (WSS) against the number of clusters (k) to identify
the point where additional clusters yield diminishing reduc-
tions in WSS. Results were compared with those from the hi-
erarchical analysis to assess reproducibility.

PCA was also performed to visualise and validate the clus-
tering structure. By reducing dimensionality while preserving
variance, PCA enabled a graphical representation of the sep-
aration between clusters, providing further support for the
validity of the cluster solution.
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Statistical analysis

Quantitative variables were presented as mean = standard
deviation or as median and interquartile range (IQR), when
appropriate. Differences in quantitative variables between
the clusters were assessed using analysis of variance or
Kruskal-Wallis test for non-parametric data. Categorical vari-
ables were expressed as absolute frequencies and percent-
ages, and differences between proportions were compared
using Pearson’s x? test.

Incidence rates and their corresponding 95% Poisson
confidence intervals (Cls) for the primary clinical outcomes
during follow-up were calculated for each cluster. These
rates were then compared and presented as incidence
rate ratios (IRRs), with Cluster 1 serving as the reference
group.

Univariable and multivariable Cox proportional hazards
regression models were fitted to evaluate the association be-
tween cluster membership and the risk of primary outcomes.
The multivariable models were adjusted for OAC therapy
type (VKAs vs DOACs) and adherence to a healthy lifestyle
(blood pressure, BMI, smoking status, glucose levels, and
alcohol consumption). Forward stepwise selection was
applied, with a univariable significance level of 0.05 required
for inclusion in the multivariable model (SLENTRY = 0.05)
and the same significance level (SLSTAY = 0.05) for a variable
to remain in the model. Results were presented as adjusted
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hazard ratios (@aHR) with 95% Cls. Cumulative incidence
curves, accounting for death as a competing risk, were
generated for thromboembolic events, major bleeding, and
MACE, with differences between clusters assessed using
Gray's test. For cardiovascular death and all-cause death, sur-
vival probabilities were estimated using Kaplan-Meier curves,
and differences between groups were compared with the
log-rank test.

A P < .05 was considered statistically significant. Statistical
analyses were carried out using R software v 4.4.0 (R Founda-
tion for Statistical Computing, Vienna, Austria), SPSS v 25.0
(IBM Corp., Armonk, NY, USA), Stata statistical software,
version 16.0 (StataCorp), and MedCalc v 16.4.3 (MedCalc
Software bvba, Ostend, Belgium) for Windows.

Results

We included 3,259 patients with AF (median age 77 years,
IQR 70-83 years; 52.8% women), with a median CHA,DS,-
VASc score of 4 (IQR 3-5), CHA,DS,-VA score of 3 (IQR 3-
5), and HAS-BLED score of 2 (IQR 2-3). From this cohort,
2209 (67.8%) were on DOACs and 1050 (32.2%) were on
VKAs.

By analysing the dendrogram obtained from hierarchical
clustering (Figure 1A), we observed that the median Y-axis
value was approximately 200. Additionally, the distance be-
tween the last 5 mergers was significantly greater than in

Optimal number of clusters
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Determination of the optimal number of clusters: hierarchical clustering dendrogram (A) and elbow method for k-means clustering (B). (A) Hierarchical clustering was
performed using baseline variables from the MAFP-III cohort. Dissimilarity between patients was quantified using squared Euclidean distance, with each individual
initially considered as a separate cluster. Ward's linkage method was applied to minimise within-cluster variance. The dendrogram depicts the sequential merging
of clusters: each vertical line indicates a merge, and the Y-axis represents the distance at which clusters were joined, with higher values denoting greater dissim-
ilarity. Please note that the optimal number of clusters was determined by identifying the level at which the largest vertical increases in merging distance occurred
while maintaining clinical interpretability. Based on this criterion, 5 distinct clusters were selected, corresponding to a cut-off around a Y-axis value of 200. Colour
coding denotes the final cluster allocation: dark green = Cluster 1, blue = Cluster 2, dark blue = Cluster 3, yellow = Cluster 4, red = Cluster 5. (B) The X-axis rep-
resents the number of clusters (k), and the Y-axis shows the total within-cluster sum of squares (WCSS), which quantifies the sum of squared distances between data
points and their corresponding cluster centroids. The optimal number of clusters was determined using the eloow method, implemented via the fviz_nbclust() func-
tion from the factoextra R package. The ‘elbow’ point, where further increases in k yield diminishing reductions in WCSS, indicated an optimal value of k = 5, consis-

tent with the selection derived from the dendrogram.
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previous steps, indicating a distinct “jump” in the clustering
process. Based on this, 5 clusters were identified in the study,
with their baseline characteristics detailed in Table 1 and
Supplemental Table 2.

Cluster 1: Patients aged <75 years with few
comorbidities

Cluster 1 included 645 patients (19.8%), and all were <75
years old. Of them, 286 patients (44.3%) were <65, and 359
patients (55.7%) were between 65 and 75 years old. The ma-
jority were men (60.2%). Cluster 1 had the lowest proportions
of hypertension (73.2%), vascular disease (4.7%), heart failure
(12.9%), renal impairment (6.7%), BMI >25 kg/m2 (74.1%),
and a history of stroke/TIA/thromboembolism (15.4%) (P <
.001 for all).

Cluster 2: Male patients aged <75 years with high-risk
lifestyle and metabolic profile

Cluster 2 included 384 patients (11.8%), all of whom were
<75 years old. Of these, 159 patients (41.4%) were <65,
and 215 patients (56.0%) were between 65 and 75 years
old. Most of this group consists of men (87.2%). Highest rates
of vascular disease (43.8%), dyslipidaemia (?0.6%), smoking
(64.8%), COPD/SAHS (45.6%), alcohol use (25.3%), liver dis-
ease (10.4%), BM| >25 kg/m2 (85.2%), as well as elevated
rates of hypertension (89.8%), diabetes (75.5%), and heart
failure (26.6%) (P < .001 for all).

Cluster 3: Patients aged >75 years with stroke/TIA/
thromboembolism history

Cluster 3 included 803 patients (24.6%), with 553 (68.9%) >75
years old, and 64.8% were women. Highest prevalence of a
history of stroke/TIA/thromboembolism (27.9%) (P < .001),
a high prevalence of hypertension (88.8%) and dyslipidaemia
(88.7%).

Cluster 4: Patients aged >75 years with cancer history

Cluster 4 included 678 patients (20.8%), nearly all of whom
were >75 years old (99.6%), with the majority being women
(60.9%). Highest prevalence of past cancer (16.2%)
compared with other clusters (P = .107).

Cluster 5: Patients aged >75 years with multimorbidity

Cluster 5 comprised 749 patients (23.0%), with 588 (78.5%)
>75 years old, and most were women (64.4%). This group
had the highest prevalence of hypertension (95.1%), dia-
betes (99.3%), heart failure (27.5%), renal disease (32.3%),
prior bleeding (22.2%), and a history of stroke/TIA/thrombo-
embolism (27.5%) (P < .001 for all).

Concomitant medications across clusters

Medication use varied across clusters, reflecting their distinct
clinical profiles. Cluster 1 had the lowest overall medication
use, including calcium antagonists (24.7%), diuretics
(39.5%), and antiplatelets (4.5%), aligning with its lower

Table 1 Baseline clinical characteristics according to the hierarchical clustering

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5
(N = 645) (N = 384) (N = 803) (N = 678) (N =749) P-value

Demographics
Age (y), median (IQR) 66 [59-71] 67 [61-72] 79 [74-84] 83 [79-86] 80 [76-84] <.001

<65y 286 (44.3) 159 (41.4) 0(0.0) 0(0.0) 0(0.0) <.001

65-75y 359 (55.7) 215 (56.0) 250 (31.1) 3(0.4) 161 (21.5) <.001

>75y 0(0.0) 10 (2.6) 553 (68.9) 675 (99.6) 588 (78.5) <.001
Women, n (%) 257 (39.8) 49 (12.8) 520 (64.8) 413 (60.9) 482 (64.4) <.001
BMI >25 (kg/cm?) 478 (74.1) 327 (85.2) 602 (75.0) 414 (61.1) 594 (79.3) <.001
Comorbidities, n (%)
Hypertension 472 (73.2) 345 (89.8) 713 (88.8) 524 (77.3) 712 (95.1) <.001
Diabetes mellitus 79 (12.3) 290 (75.5) 2(10.2) 4(10.9) 744 (99.3) <.001
Heart failure 83(12.8) 102 (26.6) 146 (18.2) 150 (22.1) 206 (27.5) <.001
History of stroke/TIA/thromboembolism 99 (15.4) 0 (23.4) 224 (27.9) 127 (18.7) 206 (27.5) .010
Vascular disease* 30 4.7) 168 (43.8) 210 (26.2) 2(7.7) 214 (28.6) <.001
Renal impairment 43 (6.7) 9 (23.2) 183 (22.8) 155 (22.9) 242 (32.3) <.001
Hypercholesterolaemia 162 (25.1) 348 (90.6) 712 (88.7) 136 (20.1) 496 (66.2) <.001
COPD/SAHS 151 (23.4) 175 (45.6) 126 (15.7) 106 (15.6) 166 (22.2) <.001
History of relevant bleeding 88 (13.6) 9(12.8) 136 (16.9) 1 18 (17.4) 166 (22.2) <.001
Liver disease 34 (5.3) 0(10.4) 3(2.9) 1@3.1) 4 (4.5) <.001
Cancer 79 (12.3) 0 (15.6) 8(12.2) 1 10 (16.2) 109 (14.6) 107
Smoking habit 205 (31.8) 249 (64.8) 103 (12.8) 8 (13.0) 104 (13.9) <.001
Alcoholism 77 (11.9) 7 (25.3) 8 (4.7) 7 (5.5) 3(4.4) <.001

COPD/SHAS = chronic obstructive pulmonary disease/sleep apnoea-hypopnoea syndrome; IQR = interquartile range; TIA = transient ischaemic attack.
*Vascular disease includes coronary artery disease and/or peripheral artery disease.
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comorbidity burden (P <.001). Cluster 2 had the highest use
of angiotensin-converting enzyme inhibitors (34.4%), beta-
blockers (72.7%), and antiplatelets (26.6%), consistent with
its high prevalence of vascular disease and metabolic risk fac-
tors (P < .001). Cluster 3 showed the highest use of statins
(92.9%), reflecting its elevated cardiovascular risk, but also
had the lowest DOAC use (63.4%), likely related to the higher
prevalence of a history of stroke/TIA/thromboembolism in
this group (P < .001). Cluster 4 had the lowest use of statins
(5.6%) and oral antidiabetics (1.8%), while maintaining mod-
erate DOAC use (64.6%) (P < .001). Finally, Cluster 5 had the
highest use of DOACs (73.7%), angiotensin Il receptor
blockers (50.3%), diuretics (71.2%), oral antidiabetics
(20.8%), and insulin (25.9%), consistent with its high burden
of hypertension and diabetes (P < .001).

Adherence to a healthy lifestyle across clusters

Cluster 1 had 11.9% of patients with low, 55.8% with mod-
erate, and 32.3% with high adherence (P <.001). Cluster 2
displayed similarly poor adherence to Cluster 5, with
45.3% low, 47.7% moderate, and only 6.5% high adher-
ence (P <.001). Cluster 3 had the highest adherence over-
all, with 9.3% low, 41.6% moderate, and 49.1% high
adherence (P < .001). Cluster 4 showed better adherence
than Clusters 1, 2, and 5, with 8.7% low, 48.4% moderate,
and 42.9% high adherence (P < .001). Cluster 5 exhibited
the lowest adherence to a healthy lifestyle, with 46.3% of
patients classified as having low, 47.4% moderate, and
only 6.3% high adherence (P < .001). Overall, Clusters 2
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and 5 demonstrated the poorest adherence to a healthy
lifestyle.

Sensitivity analyses by K-means clustering and
dimensionality reduction

Using K-means clustering, the elbow method identified five
as the optimal number of clusters (Figure 1B), closely aligning
with the pattern observed through hierarchical clustering.
The baseline characteristics of these K-means-derived clus-
ters are detailed in Supplemental Table 3. The similarity in
clustering patterns reinforces the stability and robustness of
the overall structure.

Additionally, PCA provided further support, showing clear
separation between clusters in the reduced dimensional
space (Figure 2). The strong agreement between both clus-
tering methods, along with the distinct phenotypic grouping
observed in the PCA plot, underscores the validity and
consistency of the identified clusters.

Primary endpoints among clusters

Over a 2-year follow-up, 156 patients (4.8%) experienced any
thromboembolic event, 195 (6.0%) had major bleeding, and
350 (10.7%) suffered MACE, while 159 (4.9%) and 437
(13.4%) experienced cardiovascular death and all-cause
death, respectively. The incidence of these events varied
significantly across clusters, although Cluster 1 exhibited
the lowest rates for all adverse outcomes (P < .001 for each
event). Detailed comparisons are presented in Table 2.
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Principal component analysis (PCA) visualization. PCA is a commonly used dimensionality reduction technique that transforms high-dimensional data into a lower-
dimensional space while retaining as much variance as possible. It does so by computing orthogonal principal components (PCs), which are linear combinations of
the original variables. These components are ranked by the amount of variance they explain: the first component (X-axis) captures the greatest variance, followed by
the second component (Y-axis). (A) Projection of the MAFP-III cohort data onto the first 2 principal components, without cluster labels. (B) Same projection, now
colour-coded according to the cluster assignments obtained through hierarchical clustering. Please note that this panel visually illustrates the partial separation
between clusters in the reduced 2-dimensional space, supporting the internal consistency of the phenotypic patterns identified. Colour coding represents the final
cluster allocation: dark green = Cluster 1, blue = Cluster 2, dark blue = Cluster 3, yellow = Cluster 4, red = Cluster 5.
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Table 3 Incidence rate ratio (IRR) for the different outcomes

Cluster 2 (N = 384) vs

Cluster 3 (N = 803) vs

Cluster 4 (N = 678) vs Cluster 5 (N = 749) vs

Cluster 1 Cluster 1 Cluster 1 Cluster 1
(N = 645) (N = 645) (N = 645) (N = 645)
IRRs (95% Cl)  P-value IRRs (95% Cl)  P-value IRRs (95% Cl)  P-value IRRs (95% Cl) P-value
Any thromboembolic 2.48 (1.33-4.69) .002 2.96(1.76-5.20) <.001 2.65(1.54-4.75) <.001 3.40(2.03-5.96) <.001
event

Major bleeding 3.22(1.54-7.10) <.001 3.35(1.76-6.91) <.001 3.65(1.90-7.56) <.001 4.59(2.46-9.35) <.001
MACE 2.73(1.60-4.74) <.001 3.31(2.10-5.41) <.001 2.93(1.83-4.86) <.001 4.09 (2.62-6.65) <.001
Cardiovascular death 4.32(1.72-12.24) <.001 5.05(2.26-13.29) <.001 4.76(2.08-12.69) <.001 6.77 (3.07-17.61) <.001
All-cause death 2.46 (1.48-4.13) <.001 3.30(2.17-5.18) <.001 4.21(2.78-6.60) <.001 3.97 (2.62-6.20) <.001

Any thromboembolic events: composite of myocardial infarction, venous thromboembolism, and/or ischaemic stroke/transient ischaemic attack (TIA). MACE: com-

posite of myocardial infarction, ischaemic stroke/TIA, and/or cardiovascular death.

MACE = major adverse cardiovascular event.

<75 years with high-risk lifestyle and metabolic profile, (3)
patients aged >75 years with stroke/TIA/thromboembolism
history, (4) patients aged >75 years with cancer history, and
(5) patients aged >75 years with multimorbidity. Younger
patients with fewer comorbidities showed the best prog-
nosis, with significantly lower rates of thromboembolic
events, major bleeding, MACE, cardiovascular death, and
all-cause death. In contrast, older patients with multimor-
bidity had the worst outcomes, with higher risk across all
endpoints. Those with a history of stroke/TIA/thromboem-
bolism, cancer, or high-risk metabolic profiles had interme-
diate risk. Importantly, patients in the low-risk cluster
showed better lifestyle adherence than those in higher-risk
clusters.

A

Although our phenotypes mirror broad clinical patterns
reported in previous clustering studies, particularly the
contrast between younger, lower-risk individuals and older,
multimorbid patients, our analysis offers several novel contri-
butions. First, we integrated lifestyle adherence directly into
the phenotyping process (14), thereby introducing a behav-
ioural dimension seldom incorporated in prior work. This
approach allowed for a more nuanced and clinically action-
able characterisation, linking modifiable behaviours to
phenotypic expression. We observed clear associations be-
tween lifestyle adherence and phenotype: younger, low-risk
patients (Cluster 1) demonstrated the most favourable be-
havioural profiles, whereas younger individuals with un-
healthy habits (Cluster 2) and older patients with

HR (95% Cl) p-value HR (95% Cl) p-value
Any thromboembolic event Any thromboembolic event .
Cluster 2 2,62 (1.46 - 4.69) | —— 0.001 Cluster 2 2.37(1.64 - 4.30) | —— 0.005
Cluster 3 2.96 (178 - 493) e <0.001 Cluster 3 2.94(1.76 - 4.89) P <0.001
Cluster 4 2.72(1.61 - 4.60) L — <0.001 Cluster 4 2.75(1.63 - 4.66) | —— <0.001
Cluster 5 3.57 (2.15-5.90) [ S— <0.001 Cluster 5 3.31(1.96 - 5.57) | —e— <0.001
Major bleeding H Major bleeding H
Cluster 2 3.41(1.70 - 6.85) e S <0.001 Cluster 2 3.34(1.64 - 6.80) f————— 0.001
Cluster 3 3.46 (1.84 - 6.50) E —— <0.001 Cluster 3 3.45(1.84 - 6.49) | ————1 <0.001
Cluster 4 3.84 (2.04 - 7.26) P —— <0.001 Cluster 4 3.85(2.04 -7.27) i <0.001
Cluster 5 4.80 (2.59 - 8.90) ;e <0.001 Cluster 5 4.73(2.51-8.91) E — <0.001
MACE ! MACE !
Cluster 2 2.86(1.72-4.76) L <0.001 Cluster 2 2.64 (1.57 - 4.45) | —— <0.001
Cluster 3 3.40(2.18-5.31) i <0.001 Cluster 3 3.35(2.14-5.23) Lo <0.001
Cluster 4 3.08(1.94 - 4.88) ! e— <0.001 Cluster 4 3.07(1.94-4.87) ! o—e— <0.001
Cluster 5 4.33(279-6.72) D ——— <0.001 Cluster 5 4.13(2.62-6.51) P o—e—— <0.001
Cardiovascular death ' Cardiovascular death .
Cluster 2 441 (1.84 -10.56) P <0.001 Cluster 2 4.29(1.77 - 10.44) E I S — 0.001
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Figure 3

Forest plots displaying univariable (A) and multivariable (B) Cox regression hazard ratios for each event. Unadjusted model (A) and adjusted model (B) by OAC
therapy (VKAs vs DOACs) and adherence to a healthy lifestyle (blood pressure, BMI, smoking status, glucose levels, and alcohol consumption). aHR = adjusted
hazard ratio; Cl = confidence interval. Colour coding represents the final cluster allocation: blue = Cluster 2, dark blue = Cluster 3, yellow = Cluster 4, red = Cluster
5. Cluster 2, male patients <75 years with high-risk lifestyle and metabolic profile; Cluster 3, patients >75 years with stroke/TIA/thromboembolism history; Cluster 4,
patients >75 years with cancer history; and Cluster 5, patients >75 years with multimorbidity.
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multimorbidity (Cluster 5) had the lowest adherence. Our
previous findings in the MAFP-III cohort similarly showed
that greater adherence to healthy lifestyle metrics was asso-
ciated with reduced risk of ischaemic and cardiovascular
events (15), reinforcing the prognostic relevance of behav-
joural profiling. Second, to our knowledge, this is the first
phenotypic clustering study conducted in a Spanish cohort
of patients with AF, with a specific focus on individuals newly
initiating OAC, a clinically important but under-examined
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subgroup representing a critical transition point in care.
Third, we strengthened the robustness and internal validity
of our phenotypes by performing complementary sensitivity
analyses using both K-means clustering and PCA.

AF is closely linked to multiple risk factors, including
advanced age, hypertension, obesity, smoking, physical
inactivity, alcohol consumption, and high-salt diets.”? This
often leads to multimorbidity and polypharmacy, particularly
in older populations, making AF a significant global
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Cumulative incidence and Kaplan-Meier survival curves for primary endpoints. Cumulative incidence curves for any thromboembolic event (A) and MACE (B).
Kaplan-Meier survival curves for cardiovascular death (C), and all-cause death (D). Colour coding represents the final cluster allocation: dark green = Cluster 1,
blue = Cluster 2, dark blue = Cluster 3, yellow = Cluster 4, red = Cluster 5. Cluster 1, patients <75 years with few comorbidities; Cluster 2, male patients <75
years with high-risk lifestyle and metabolic profile; Cluster 3, patients >75 years with stroke/TIA/thromboembolism history; Cluster 4, patients >75 years with cancer

history; and Cluster 5, patients >75 years with multimorbidity.
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contributor to morbidity and mortality.?* In this context, clus-
ter analysis helps identify clinically relevant phenotypes,
improving patient stratification.

In our study, Cluster 1, the youngest group with the fewest
comorbidities, exhibited the lowest overall risk. Cluster 2,
with an intermediate risk profile, consisted of younger pa-
tients with high-risk behaviours such as smoking and alcohol
consumption. This group had increased rates of COPD/
SAHS, liver disease, dyslipidaemia, obesity, and vascular
disease, and exhibited intermediate risk. Cluster 3, also con-
sisting of elderly patients, exhibited the highest prevalence
of stroke/TIA/thromboembolism history?® and significant
vascular risk factors. Cluster 4, mostly older women, had
fewer comorbidities but the highest prevalence of prior can-
cer.”! The similarly elevated risk profiles of Clusters 3 and 4
were likely driven by advanced age and comorbidity burden,
reinforcing previous evidence that identifies age as a key risk
factor for adverse outcomes in patients with AF.?* Cluster 5,
primarily composed of patients >75 years, exhibited the
highest prevalence of hypertension, diabetes, heart failure,
and chronic kidney disease, suggesting Cardiovascular-
Kidney-Metabolic (CKM) syndrome, a complex interplay of
cardiac, renal, and metabolic dysfunctions that accelerate
disease progression.””** This group also had the highest
rate of prior bleeding, leading to more frequent use of
DOACs. Multimorbidity in this cluster explains its highest
risk across all primary adverse outcomes.

Previous studies using clustering have identified similar
patterns in AF phenotypes. Pastori et al*® analysed 5,171 pa-
tients with AF from the nationwide START registry and iden-
tified 4 distinct phenotypes: Cluster 1 (youngest patients with
few comorbidities), Cluster 2 (low cardiovascular risk but high
cancer prevalence), Cluster 3 (predominantly men with high
cardiovascular risk), and Cluster 4 (oldest patients, predomi-
nantly women, with a higher prevalence of cerebrovascular
disease). Mortality rates were significantly higher in all clus-
ters compared with Cluster 1, with a stepwise increase from
Cluster 2 to Cluster 4 (Cluster 2: aHR 3.31, 95% ClI 1.20-
9.08; Cluster 3: aHR 6.70, 95% Cl 2.43-18.46; Cluster 4:
aHR 8.93, 95% Cl 3.24-24.61).

Similarly, Vitolo et al®® performed hierarchical clus-
tering on 3,980 patients with AF from the AMADEUS
and BOREALIS trials, identifying 4 phenotypes: Cluster
1 (low cardiovascular risk and few comorbidities), Cluster
2 (high cardiovascular risk factors), Cluster 3 (high cardio-
vascular comorbidities), and Cluster 4 (highest burden of
non-cardiovascular comorbidities). Compared with Clus-
ter 1, patients in Cluster 4 had significantly higher risks
for major bleeding (@HR 2.18, 95% Cl 1.19-3.96), all-
cause death (aHR 2.35, 95% Cl 1.58-3.49), and a com-
posite endpoint of stroke/thromboembolism, cardiovas-
cular death, myocardial infarction, and/or all-cause
death (aHR 2.43, 95% CI 1.70-3.46), while no significant
associations were found between Clusters 2 or 3 and any
of the studied outcomes.

Chen et al'® applied clustering to 3,348 patients with AF

from the KERALA-AF Registry, identifying 5 distinct pheno-
types using hierarchical clustering: Cluster 1 (<65 years
with rheumatic conditions), Cluster 2 (>65 years, multimor-
bid, with CKM syndrome), Cluster 3 (<65 years with few co-
morbidities), Cluster 4 (heart failure with multiple
comorbidities), and Cluster 5 (men with lifestyle-related risk
factors). Compared with Cluster 3, Clusters 1, 2, and 4 ex-
hibited significantly higher risks for MACE (Cluster 1: OR
1.36, 95% Cl 1.08-1.71; Cluster 2: OR 1.79, 95% Cl 1.42—
2.25; Cluster 4: OR 1.76, 95% CI 1.31-2.36).

More recently, Romiti et al*’ employed Latent Class Anal-
ysis (LCA) to identify AF phenotypes using a model-based
probabilistic approach that differs methodologically from
the distance-based hierarchical clustering used in our study.
While both techniques aim to uncover latent clinical sub-
groups, LCA estimates class membership probabilities based
on a pre-specified statistical model and is particularly suited
to categorical data. In contrast, hierarchical clustering is an
agnostic, non-parametric method that groups individuals
based on similarity metrics without assuming an underlying
distribution. Consequently, LCA tends to generate mutually
exclusive and interpretable classes defined by probability
thresholds, whereas hierarchical clustering may capture
more nuanced heterogeneity across patients.”® Although
some overlap was observed between the LCA-derived phe-
notypes and the clusters identified in our analysis, particularly
in relation to age, multimorbidity, and lifestyle risk factors,
differences in class structure and clinical interpretability high-
light the influence of methodological choice on phenotyping
results.

Building on these traditional unsupervised approaches,
recent advancements in artificial intelligence (Al) have
introduced novel methodologies for AF phenotyping.
Among these, generative topographic mapping, a proba-
bilistic and non-linear dimensionality reduction technique,
offers an alternative framework capable of capturing sub-
tle and complex patterns within high-dimensional data-
sets.”” In parallel, deep learning approaches, including
neural networks, have demonstrated increasing potential
to uncover latent, non-linear interactions and dynamic tra-
jectories that may remain hidden using classical clustering
methods.”® These Al-driven tools can enhance the preci-
sion of risk stratification and support more personalised
treatment strategies. Their application to AF phenotyping
represents a promising direction for future research in pre-
cision cardiovascular medicine.

Our findings are consistent with those of Pastori et al,>> Vi-
tolo et al,?® and Chen et al,’® all of which identified a pheno-
type of younger patients with few comorbidities and a more
favourable prognosis, contrasted by clusters of older individ-
uals with multimorbidity and higher risk. These patterns high-
light the pivotal role of CKM syndrome, comorbidity burden,
and advanced age as key determinants of adverse outcomes
in AF. Previous studies have similarly reported increased risk
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in phenotypes characterised by cancer, thromboembolic his-
tory, or high-risk lifestyle behaviours.

Notably, in our cohort, non-cardiovascular death ex-
ceeded cardiovascular death (9.9% vs 7.4%), a finding that
warrants further reflection. This distribution likely reflects
the burden of non-cardiac comorbidities in certain clusters,
particularly Clusters 4 and 5, where conditions such as cancer
and chronic kidney disease were especially prevalent.
Although our phenotyping primarily aimed to characterise
cardiovascular risk, this observation underscores the need
for a broader, more holistic approach to patient care, and re-
inforces the relevance of integrated management strategies
that address both cardiovascular and non-cardiovascular
contributors to mortality.

Clinically, identifying these phenotypes may help inform
more individualised approaches to AF care by highlighting
distinct patient profiles that may benefit from different care
priorities. For instance, patients in Cluster 1, with the lowest
overall risk and favourable clinical profiles, may be best
suited for strategies focused on prevention and maintenance
of healthy behaviours. Cluster 2, composed of younger indi-
viduals with high-risk lifestyle behaviours, could be prioritised
for early intervention targeting smoking cessation, alcohol
moderation, and metabolic optimisation.'® Cluster 3, with a
history of thromboembolic events, may require intensified
secondary prevention strategies. Cluster 4, often character-
ised by prior cancer and moderate comorbidity, may benefit
from vigilant oncological follow-up and integrated cardiovas-
cular care. Cluster 5, characterised by advanced age and
multimorbidity, may require integrated, multidisciplinary
management with emphasis on comorbidity control,
bleeding risk assessment, and cautious anticoagulant use.
Although the direct clinical utility of phenotype-based deci-
sion-making remains to be established in prospective
studies, our findings may support hypothesis generation for
future targeted trials. Importantly, the consistency of
lifestyle-related patterns across phenotypes reinforces the
central role of structured, integrated care strategies, such
as the ABC pathway (A: Avoid stroke with appropriate antico-
agulation; B: Better symptom management; C: Cardiovascu-
lar and comorbidity optimisation), as a pragmatic and widely
applicable framework across diverse clinical scenarios.”’

Limitations

This study has several limitations. First, its observational
design prevents establishing causal relationships between
clusters and clinical outcomes. Although confounders were
adjusted for, unmeasured variables could still introduce
bias. Second, while a rigorous methodology was used,
different clustering approaches might yield varied results.
Third, the study focused exclusively on patients receiving
OAC therapy, which may limit the generalisability of our find-
ings to those managed with alternative treatment strategies.
Fourth, the cohort consisted solely of Spanish patients newly

initiating OAC, thereby excluding individuals with prior or
chronic anticoagulant use. This restricts applicability to pa-
tients with different treatment histories or those receiving
care in other healthcare systems. Additionally, the ethnic
and cultural homogeneity of the study population may limit
the extrapolation of results to more diverse global popula-
tions, where AF risk profiles and management practices
may vary.*?*? Fifth, clustering was based on baseline charac-
teristics, not accounting for changes in clinical status or
behaviour. As patients with AF often experience new comor-
bidities, functional decline, or improvements in lifestyle
adherence over time, the static nature of our classification
may limit its applicability for guiding long-term management.
Future studies incorporating dynamic phenotyping frame-
works could enhance risk stratification and personalised
care.** Sixth, our definition of major bleeding was based on
a composite outcome that includes clinically heterogeneous
events, such as intracranial and gastrointestinal bleeding,
which differ substantially in both prognosis and therapeutic
implications. In addition, we did not collect data on hospital-
izations for heart failure, a limitation given the significant
burden and prognostic relevance of this complication in AF
populations. These omissions may therefore underestimate
the overall complexity of adverse outcomes in this cohort
and limit the comprehensiveness of our risk profiling. More-
over, the relatively high incidence of non-cardiovascular
death in the cohort may have acted as a competing risk,
potentially influencing the observed rates of non-fatal out-
comes such as thromboembolic events or major bleeding.
Future studies should consider competing risk models to bet-
ter account for this effect. Seventh, the cluster analysis was
conducted within a single cohort without external validation.
Although our findings are broadly consistent with those from
previous phenotyping studies, the lack of replication in an in-
dependent dataset limits their generalisability. External vali-
dation in diverse populations and clinical settings will be
essential to confirm the stability, prognostic utility, and trans-
lational potential of the identified phenotypes. Finally, self-
reported lifestyle adherence introduces potential recall
bias, particularly for behaviours such as smoking and alcohol
consumption, which are often underreported. Moreover, the
study lacked objective measurements of key lifestyle factors,
such as physical activity, dietary habits, and sleep quality.
Despite these limitations, the lifestyle metrics employed
were based on validated constructs and remain clinically rele-
vant for AF management.

Conclusion

This cluster analysis of patients with AF receiving OAC iden-
tifies 5 different clinical phenotypes, each linked to unique
prognostic outcomes. Our findings show that the cluster
characterised by including younger patients (aged <75 years)
with minimal comorbidities had the most favourable prog-
nosis, while those >75 with multimorbidity faced the highest
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risk across all endpoints. Importantly, patients in the low-risk
cluster demonstrated better adherence to a healthy lifestyle
compared with those in higher-risk clusters.
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