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GRAPHICAL ABSTRACT

ABSTRACT

Background Atrial fibrillation (AF) is the most common arrhythmia in older adults and is associated with an increased risk of
cognitive impairment and dementia, even in patients without prior stroke. Nonvitamin K antagonist oral anticoagulants
(NOACs) offer a better safety profile than vitamin K antagonists (VKAs), but their cognitive benefit remains uncertain.

Aim To assess the impact of NOACs versus VKAs on cognitive decline in elderly AF patients using a machine learning approach.

Methods This multicenter prospective cohort study included 983 AF outpatients enrolled between 2008 and 2022 at the
Geriatrics Department, University of Catanzaro, and the ProMISE Department, University of Palermo. Stroke and bleeding risks
were assessed using CHA2DS2-VASc and HAS-BLED scores. Cognitive function was evaluated using the Mini-Mental State
Examination (MMSE). Cognitive decline was defined as a decrease in MMSE score between baseline and follow-up. Patients with
prior anticoagulant therapy (OAT), severe dementia, or comorbidities affecting cognition were excluded. Multivariable logistic
regression and a random forest classifier were used to assess whether anticoagulant type independently predicted cognitive
decline. Class imbalancewas addressed using both class-weighted learning and the synthetic minority over-sampling technique
(SMOTE), with model performance evaluated through repeated stratified cross-validation and threshold optimization.

Results At baseline, cognitive performance was comparable between groups (p¼ 0.11). After a mean follow-up of 7.2�3.4
years, MMSE scores declined significantly more in VKA-treated patients (�1.7 vs.�0.3 points, p<0.001). In logistic regression,
NOAC use was independently associated with a lower risk of cognitive decline (odds ratio: 0.322; 95% confidence interval:
0.221–0.469; p<0.0001). The random forest classifier achieved a mean cross-validated AUC of 0.8719 (standard deviation:
0.0273) and a test-set AUCof 0.880. Threshold adjustment and SMOTE improved sensitivity (recall increased: 0.47–0.84), with a
precision–recall AUC of 0.763. Permutation importance analysis identified “OAT” as the top predictor. Predicted probabilities of
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cognitive decline were significantly higher in VKA users (median¼0.70) than in NOAC users (median¼0.09), confirmed by a
Kolmogorov–Smirnov test (KS¼ 0.385, p<0.001).

Conclusion NOAC use is associated with a lower predicted probability of cognitive decline, suggesting potential cognitive
benefits over VKAs.
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Introduction
Atrial fibrillation (AF) is the most prevalent cardiac arrhythmia in
the elderly population, with a prevalence of 5%, expected to
increase 2.3-fold in the future.1,2 AF is linked to several comor-
bidities, including heart failure, arterial hypertension (AH), chronic
obstructive pulmonary disease (COPD), chronic kidney disease
(CKD), and notably cognitive impairment (CoI) and dementia.

The most recent guidelines on the topic from leading scientific
societies highlight that the incidence of CoI and dementia is 1.5-
fold higher in patients with AF than in the general population,
regardless of the presence of previous stroke, and emphasize the
importance of continuous assessment of cognitive function in
these patients.2–4

It is recognized that AF and CoI share classic cardiovascular
risk factors: advanced age, type 2 diabetes mellitus (T2DM), and
AH; however, the AF-CoI association persists even after adjusting
for known confounders.5 Additionally, a more rapid cognitive
decline is observed in AF patients within 7 years of arrhythmia
onset,6 regardless of stroke history, particularly in those under
70 years.6,7

Several pathophysiological mechanisms underpin this associ-
ation. Silent cerebral infarcts (SCI), frequent in AF patients,
are significantly associated with CoI and dementia.8 Micro-
bleeds, often clinically silent, also contribute to CoI and demen-
tia and can be exacerbated by anticoagulant therapy (OAT)
used for stroke prevention. This is especially pertinent for
patients on vitamin K antagonists (VKAs), as many experience
a reduced therapeutic range time (<70%), which increases
the risk of microbleeds or SCI.9,10 In the elderly population,
these mechanisms are amplified, promoting atrial thrombosis
and thromboembolic complications with evident or silent
stroke.10

Moreover, AF is characterized by an increased ventricular
response and impaired atrial contractility, leading to high
variability in cerebral blood flow at arteriolar and capillary
levels and reduced local autoregulation, potentially causing
cerebral hypoperfusion, especially in the temporal lobes. This
results in cognitive decline and dementia, including Alzheimer’s
disease.11 Consequently, AF patients exhibit reduced total brain
volume and hippocampal atrophy compared with those without
AF.12,13

Thromboembolic events clearly contribute to CoI in AF
patients, highlighting the importance of preventing such events
through OAT. However, the benefits of these drugs remain
debated. At the same time, non-VKA oral anticoagulants (NOACs)
have a better safety profile and equivalent efficacy compared with
VKAs. However, the literature shows no net cognitive function
benefit of NOACs over VKAs.14–17

The advent of big data, combined with the increasing use of
electronic health records (EHRs) and the concurrent development
of machine learning algorithms, has empowered healthcare pro-
fessionals to address population health challenges that were
previously deemed impossible.18 This paradigm shift toward
leveraging clinical data at a population level has revolutionized
our approach to population-level inferences, enabling the identi-
fication and resolution of health issues with enhanced precision
and accuracy.

A principal advantage of machine learning lies in its capacity to
discern patterns and correlations within complex datasets, yield-
ing valuable insights into disease diagnosis, prognosis, and treat-
ment. Furthermore, automating data analysis through machine
learning mitigates human bias and enhances predictive accuracy.
The study of big data can yield critical information for decision-
making, research, and innovation by unveiling insights and pat-
terns that are challenging to detect in smaller, more structured
datasets.19

Aim of the Study
To address this, a multicenter prospective cohort study on elderly
AF patients aims to assess the impact of NOACs versus VKAs on
absolute and relative cognitive function decline over time and
determine whether NOAC use is associated with slower cognitive
function decline compared with VKA treatment, using a Machine
Learning approach.

Materials and Methods
Study Setting, Design, and Sample
Between January 2008 and September 2022, a multicenter
observational study enrolled all consecutive AF outpatients at
the Geriatrics Department, “Magna Graecia” University of
Catanzaro, Italy, and the Department of Promoting Health,
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Maternal–Infant, Excellence, and Internal and Specialized Medi-
cine (ProMISE) G. D’Alessandro, University of Palermo, Italy.
Inclusion criteria were a new diagnosis of nonvalvular AF, age
�65 years, a minimum of 1-year follow-up, and informed
consent. Exclusion criteria included valvular diseases, prior oral
anticoagulant (OAC) therapy (patients already on OAC before
enrollment), severe dementia or Alzheimer’s disease, psychiatric
comorbidities or drug therapies affecting cognitive function,
chronic infectious diseases (e.g., HIV and hepatitis C/B), auto-
immune systemic diseases, active cancer, and liver failure (e.g.,
cirrhosis).

Among 1,366 patients admitted during the study period, 143
were excluded because they were< 65 years old, 101 were on
OAT before enrolment, 68 had a mechanical prosthetic valve, 36
had moderate-severe mitral stenosis, 15 had cancer, 10 had liver
cirrhosis, and 10 had chronic inflammatory diseases. Therefore,
983 elderly patients were enrolled (Fig. 1).

The local ethical committees granted ethical approval: Com-
itato Etico Regione Calabria “Area Centro” (protocol number
2012.63 of October 17, 2012) and Comitato Etico Regione Sicilia
“Palermo 1” (protocol number 20203.04 of April 19, 2023). The
study adhered to the Declaration of Helsinki. Informed written
consent was obtained from all participants.

Clinical Variables at Baseline and Follow-Up
At enrollment and during two follow-up visits, all patients
underwent comprehensive medical history reviews, physical
examinations, and routine electrocardiography. Measurements
of anthropometric and hemodynamic variables (weight, height,
BMI, systolic and diastolic blood pressure, and heart rate) were
taken. Relevant comorbidities and drug therapies were recorded.
Stroke and bleeding risks were assessed using validated tools for
AF patients.2 We defined a HAS-BLED score of 3 or higher as
indicating a high bleeding risk. Cognitive function was assessed
using the Mini-Mental State Examination (MMSE) at baseline and
during follow-up visits. At baseline, cognitive performance was
categorized as normal (MMSE>25), borderline (MMSE¼ 25), or
mild CoI (MMSE<25). The first follow-up period lasted 3.8�2.6
years (medium period) and the second 7.2�3.4 years (long
period).

Cognitive decline was retrospectively defined as the difference
in MMSE scores between baseline and the second follow-up visit
(mean follow-up: 7.2� 3.4 years), without documentation of the
exact timing of decline onset. If the MMSE score remained
unchanged, indicating a difference of 0, it was not considered
to be indicative of cognitive decline.

To address the potential formortality to act as a competing risk
—particularly relevant in a high-risk, elderly populationwith AF—an
exploratory analysis of all-cause mortality during follow-up was
conducted.

Data Preprocessing
In preparation for the analysis, we employed a rigorous data
preprocessing protocol to ensure the accuracy and reliability of
the findings. The dataset was initially loaded into a Pandas
DataFrame from a CSV file, which facilitated efficient data
handling and preliminary exploration. Following this, we sys-
tematically identified and segregated numerical and categorical
variables. The numerical variables comprised various patient
demographics and clinical measurements, while the categorical
variables included identifiers and binary indicators. Subsequent-
ly, we applied standardization to the numerical features using
the StandardScaler. This step normalized the numerical varia-
bles, transforming them to have a mean of zero and a standard
deviation of one. Standardization was crucial for ensuring that all
numerical features were on a comparable scale, thereby facili-
tating the machine learning algorithm’s efficiency and
performance.

Following standardization, we defined the feature matrix,
which included all predictor variables and the target variable,
representing the “cognitive decline outcome.”

Feature Selection
In the feature selection phase, we meticulously included a com-
prehensive set of variables encompassing demographic, clinical,
and laboratory data to predict cognitive decline. The chosen
features comprised patient age, sex, smoking status, AH, diabetes
status, type of anticoagulation therapy (NOAC or VKA), and
various laboratory measurements such as haemoglobin levels,
kidney function indicators (eGFR), liver enzymes (AST, ALT, and
GGT), and metabolic markers (NT-proBNP).

Fig. 1 Flowchart of patients admitted to the study and reasons for exclusion.
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To address baseline imbalances between patients treated
with NOACs and those receiving VKAs, a multivariable logistic
regression analysis was conducted. The model incorporated 46
baseline covariates, including demographic variables (e.g., age
and sex), clinical characteristics (e.g., hypertension, diabetes,
prior stroke, and heart failure), biochemical parameters (e.g.,
renal function, NT-proBNP, and liver enzymes), composite car-
diovascular risk scores (CHA2DS2-VASc and HAS-BLED), and
concomitant pharmacological treatments. The aim was to de-
termine whether the type of OAC independently predicted the
risk of cognitive decline after adjustment for potential confound-
ing factors.

Even variables that did not exhibit a direct positive correlation
with cognitive decline in the preliminary analysis were included.
This decision was informed by extensive medical literature,
which highlights the complex and multifaceted nature of cogni-
tive decline. By incorporating a broad spectrum of features,
including those with less explicit correlations, we aimed to
capture the multifaceted interactions and underlying mecha-
nisms contributing to cognitive decline. This approach not only
aligns with the established medical literature but also enhances
the robustness and comprehensiveness of the predictive model,
ensuring that we account for all relevant factors that might
influence cognitive outcomes in patients undergoing anticoa-
gulation therapy.

Model Development and Evaluation
The model development phase involved training a random forest
Classifier to predict cognitive decline in patients based on
various clinical and demographic features. We initiated this
process by splitting the dataset into training and test sets using
an 80–20 split, ensuring that the stratification preserved the
proportion of cognitive decline instances in both sets.
This approach facilitated the evaluation of the model’s perfor-
mance on unseen data. To ensure robustness and generalizabili-
ty, we employed repeated stratified k-fold cross-validation.
Specifically, we used the repeated stratified k-fold method
with five splits and ten repeats. This technique provided multiple
performance estimates, reducing the variance and offering
a more reliable assessment of the model’s predictive
power. During each cross-validation fold, the model was trained
using the training set and evaluated using the validation set.
Given the class imbalance observed in the dataset—where
approximately 24% of patients experienced cognitive decline—
additional strategies were implemented to enhance the model’s
performance in identifying the minority class. Two configura-
tions of the random forest classifier were evaluated: one
employing class weighting and the other trained using the
synthetic minority over-sampling technique (SMOTE) applied
to the training data.

To further improve sensitivity, the decision threshold for
classification was optimized. Specifically, a lower threshold
(0.35) was tested in comparison to the default value of 0.5,
with the aim of increasing the model’s ability to correctly identify
true positive cases within the minority class. Key performance
metrics, including precision, recall, F1-score, and ROC AUC, were
computed to assess the model’s performance comprehensively. A

confusion matrix was also generated to visualize the model’s
classification accuracy across different classes.

To assess the individual contribution of predictors, Permuta-
tion Importance was applied to the random forest model
trained on SMOTE-balanced data and evaluated on the original
test set.

Results
The baseline demographic and clinical characteristics of patients
included in the study (n¼ 983) are reported in Tables 1 to 3.
Their mean age was 76� 6 years, 49% were males, 8% were
habitual smokers, 86% were affected by AH, and 35% were
diabetics. Six hundred and ninety-two patients (70 %) were
treated with NOACs (dabigatran: 27 %, rivaroxaban: 38%, apix-
aban: 24%, and edoxaban: 11%), and the remaining 291 patients
(30%) with VKAs.

At baseline, 58% of patients had a normal value of MMSE score,
18% had a borderline, and the remaining 24% had mild CoI. At
baseline, the MMSE did not differ between the two groups (NOAC
vs. VKA, p¼0.11). Patients treated with NOACs were younger
(74�5 vs. 77� 6 years, p<0.001), had a higher percentage of
males (54% vs. 37%, p< 0.001), and had a lower BMI (29� 5 vs.
30� 3 kg/m2, p¼ 0.002) compared with those on VKAs.

Patients on NOACs displayed a higher prevalence of AH (88%
vs. 82%, p¼ 0.02), respiratory failure/COPD (38% vs. 29%,
p¼0.01) and a lower percentage of T2DM (33% vs. 41%,
p¼0.01) as compared with those on VKAs as well as a lower
prevalence of patients with background cardiovascular comor-
bidities (previous stroke or TIA 14% vs. 9%, p¼ 0.02, atheroscle-
rotic cardiovascular disease (ASCVD) 35% vs. 63%, p< 0.001;
CHA2DS2-VASc score: 4 (3–5) versus 4 (3–5), p¼0.48; HAS-
BLED: low risk of bleeding 64% versus 74% and high risk of
bleeding 36% versus 26%, p¼0.004.

Compared with patients on VKAs, those on NOACs were also
less frequently treated with PPI (76% vs. 86%, p¼ 0.001),
ACEi/ARBs (75% vs. 81%, p¼ 0.03), β-blockers (57% vs. 67%,
p¼0.005), anti-arrhythmic drugs (15% vs. 20%, p¼ 0.04), GLP1-
RAs (29% vs. 40%, p¼ 0.001), lipid-lowering drugs (43% vs. 52%,
p¼0.02) and previous antiplatelet therapy (30% vs. 65%,
p<0.001). There were no differences for SGLT2i treatment
(20% vs. 25%, p¼0.12; Table 2).

Patients on NOACs had lower levels of Haemoglobin, Kaliemia,
eGFR, NT-proBNP, and higher values of Homeostatic Model
Assessment (HOMA), AST, ALT, and GGT (Table 3).

In the multivariable logistic regression model, treatment with
NOACs was significantly associated with a reduced likelihood of
cognitive decline compared with VKAs (odds ratio: 0.322; 95%
confidence interval [CI]: 0.221–0.469; p< 0.0001), corresponding
to 67.8% lower adjusted odds of cognitive decline in the NOAC
group. To validate these findings, the same set of covariates was
incorporated into the random forest classifier.

During the follow-up period, the exploratory analysis of all-
cause mortality across the treatment groups revealed that
the mortality rate among patients treated with NOACs was
24.9% (178/714), while the rate among those treated with VKAs
was 25.0% (86/291). A chi-square test showed no statistically
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significant difference between the groups (χ2¼ 2.049,
p¼0.152).

The random forest classifier demonstrated strong and consis-
tent performance in predicting cognitive decline. During repeated
stratified cross-validation, themodel achieved amean ROC AUCof
0.8715, with a standard deviation of 0.0273, indicating high

stability across different data partitions (Fig. 2). On the held-
out test set, the class-weighted configuration yielded a ROC AUC
of 0.880, a precision of 0.94, and a recall of 0.47 for the cognitive
decline class.

An alternative configuration trained using the SMOTE achieved
a slightly lower ROC AUCof 0.869 but improved recall to 0.53, with

Table 1 Baseline characteristics of patients who completed the study among treatment groups

Whole population (n¼983) VKAs (n¼291) NOACs (n¼692) p-Value

Demographic and clinical parameters

Age, y 76� 6 77� 6 74� 5 <0.001

Sex (males), % 49 37 54 <0.001

BMI, kg/m2 29� 4 30� 3 29� 5 0.002

Smokers, % 8 9 7 0.27

Systolic BP, mmHg 133� 13 132� 10 133� 13 0.76

Diastolic BP, mmHg 77� 10 77� 9 77� 10 0.89

Pulse pressure, mmHg 56� 12 56� 11 56� 13 0.68

Atrial function, %

Paroxysmal 23 25 22 0.36

Persistent 13 14 12

Permanent 64 61 66

PM or ICD, % 9 10 8 0.25

CHA2DS2-VASc (score) 4 (3–5) 4 (3–5) 4 (3–5) 0.48

MMSE (score), %

Normal (>25 MMSE score) 58 62 57 0.11

Borderline (25 MMSE score) 18 14 19

Moderate cognitive impairment (<25) 24 24 24

HAS-BLED, %

Low risk of bleeding 67 74 64 0.004

High risk of bleeding 33 26 36

Comorbidities

Arterial hypertension, % 86 82 88 0.02

T2DM, % 35 41 33 0.01

Dyslipidemia, % 37 38 37 0.67

Respiratory failure/COPD, % 35 29 38 0.01

Heart failure, % 33 30 35 0.14

CKD, % 59 58 60 0.57

Sleep apnoea syndrome, % 26 24 27 0.25

Type of SAS, % (n¼ 257)

Obstructive sleep apnoea OSA 42 48 40 0.35

Central sleep apnoea CSA 49 46 49

Mixed sleep apnoea MSA 9 6 11

Severity of SAS, % (n¼ 257)

Mild 96 94 96 0.09

Moderate 3 6 2

Severe 1 0 2

Liver disease, % 18 22 17 0.06

Previous stroke or TIA, % 13 9 14 0.02

Previous ACS, % 25 22 26 0.18

ASCVD, % 43 63 35 <0.001
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Table 3 Baseline characteristics of patients who completed the study among treatment groups

Biochemical parameters

Whole population (n¼983) VKAs (n¼291) NOACs (n¼692) p-Value

Albumin, g/dL 3.91� 0.36 3.90� 0.38 3.92� 0.34 0.42

Total cholesterol, mg/dL 167� 42 165� 41 168� 43 0.33

LDL cholesterol, mg/dL 100� 35 98� 34 101� 35 0.21

HDL cholesterol, mg/dL 51� 16 52� 16 51� 16 0.12

Triglycerides, mg/dL 100 (74–136) 95 (70–132) 101 (76–138) 0.05

Haemoglobin, g/dL 13.36� 1.51 13.68� 0.99 13.23� 1.67 <0.001

PLT,� 103/uL 219� 60 219� 60 218� 60 0.82

Na, mmol/L 141 (139–142) 141 (139–142) 141 (139–142) 0.21

K, mmol/L 4.4 (4.2–4.7) 4.5 (4.2–4.7) 4.4 (4.1–4.7) 0.012

Creatinine, mg/dL 1.05� 0.31 1.06� 0.35 1.05� 0.29 0.69

e-GFR, mL/min/1.73 m2 64� 18 64� 20 64� 17 0.98

Clearance creatinine, mL/min 68� 23 71� 24 67� 22 0.002

NT-proBNP, pg/mL 562 (512–1,357) 598 (523–1,737) 562 (489–1,356) 0.025

Fasting glucose, mg/dL 103 (95–119) 106 (99–113) 102 (94–126) 0.21

Fasting insulin, μU/mL 16.14� 6.62 15.85� 6.24 16.26� 6.78 0.37

HOMA 4.22 (2.87–5.75) 3.90 (2.79–5.34) 4.32 (2.93–5.88) 0.046

Uric acid, mg/dL 5.5 (4.9–6.3) 5.4 (4.9–6.3) 5.5 (5.1–6.3) 0.41

AST, IU/L 20 (16–24) 19 (16–23) 20 (17–25) 0.0002

ALT, IU/L 19 (13–25) 17 (13–24) 19 (14–26) 0.013

Alkaline phosphatase, IU/L 78 (66–107) 76 (66–106) 78 (66–110) 0.20

GGT, IU/L 32 (21–42) 32 (19–42) 32 (21–42) 0.77

Table 2 Baseline characteristics of patients who completed the study among treatment groups

Whole population (n¼983) VKAs (n¼291) NOACs (n¼692) p-Value

PPIs, % 79 86 76 0.001

Nitrates, % 6 4 7 0.09

ACEi/ARBs, % 77 81 75 0.03

β-blockers, % 60 67 57 0.005

Digitalis, % 15 13 16 0.18

Calcium channel blockers, % 15 15 15 0.94

MRAs, % 23 23 24 0.73

ARNI, % 26 25 26 0.74

Anti-arrhythmics drugs, % 17 20 15 0.04

Type of AAD drugs, %

None 83 80 85 0.05

Amiodarone 6 5 6

Flecainide 6 8 4

Propafenone 4 5 4

Other AAD drugs 1 2 1

Metformina/OADs, % 23 21 23 0.47

Insulin, % 11 10 12 0.43

SGLT2i, % 22 25 20 0.12

GLP1-RAs, % 32 40 29 0.001

Lipid-lowering drugs, % 46 52 43 0.02

Previous antiplatelet therapy, % 40 65 30 <0.001
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a comparable F1-score of 0.62 and a reduction in precision to 0.74.
To further enhance sensitivity for the minority class, the classifi-
cation threshold was lowered to 0.35. This adjustment increased
recall to 0.84 and F1-score to 0.68, while precision declined to
0.57 and overall accuracy to 75%.

The model’s discriminative ability under class imbalance was
further supported by the precision–recall AUC, which reached
0.763 (Fig. 3).

The confusion matrix showed 125 true negatives, 30 false
negatives, 12 false positives, and 34 true positives (Fig. 4).

Moreover, the analysis of predicted probabilities revealed a
significant difference between treatment groups. The mean
predicted probability of cognitive decline was 0.50 (standard
deviation [SD]: 0.37) in patients treated with VKAs and 0.24
(SD: 0.30) in those treated with NOACs. A Kolmogorov–Smirnov
test confirmed a statistically significant difference in the distribu-
tion of predicted probabilities (KS statistic¼0.385, p< 0.001),
indicating a consistent association between anticoagulant type
and cognitive risk across all model configurations (Fig. 5).

The Permutation Importance analysis identified “OAT” as the
most influential predictor of cognitive decline (mean importance
¼0.042), substantially exceeding all other variables. The next
most relevant features included glycemia (0.018), systolic blood
pressure (0.013), BMI (0.009), albumin (0.009), and potassium
(0.008). A table summarizing the top 15 predictors is reported
in Fig. 6.

Discussion
The results of this study highlight the efficacy of the random forest
classifier in predicting cognitive decline among patients undergo-
ing anticoagulation therapy. The model demonstrates robust and
consistent performance with a mean ROC AUC of 0.8719 across

cross-validation folds and a standard deviation of 0.0270. The high
ROC AUC score of 0.8804 on the test set further corroborates the
model’s capability to distinguish between patients who will and
will not experience cognitive decline. These metrics underscore
the model’s reliability, making it a valuable tool for clinical
decision-making.

Fig. 2 Receiver Operating Characteristic (ROC) curve for the random
forest model. The curve illustrates the trade-off between sensitivity
(true positive rate) and 1-specificity (false positive rate) across dif-
ferent classification thresholds. The area under the curve (AUC) is 0.87,
indicating high discriminative ability of the model in distinguishing
patients with and without cognitive decline. The diagonal line repre-
sents a no-skill classifier (AUC¼0.5) for reference.

Fig. 3 Precision–recall (PR) curve for the random forest model. This
curve shows the relationship between precision and recall across
various classification thresholds. The Area Under the Curve (PR AUC) is
0.76, reflecting the model’s ability to identify true positive cases of
cognitive decline in the context of class imbalance. A higher PR AUC
indicates better performance in correctly identifying patients at risk,
particularly when the positive class (cognitive decline) is
underrepresented.

Fig. 4 Confusion matrix of the random forest classifier using a
threshold of 0.5. The matrix summarizes model predictions on the test
set. The classifier correctly identified 125 patients without cognitive
decline (true negatives) and 34 with cognitive decline (true positives)
but misclassified 30 patients with cognitive decline as nondecline (false
negatives), and 12 patients without decline as decline (false positives).
These results correspond to a recall of 0.53 and a precision of 0.74 for
the decline class.
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The random forest classifier was chosen for this study due to
several key advantages it offers in the context of clinical data
analysis. First, random forest is particularly well-suited to handle
complex and diverse datasets, such as those used in this study,
which contain a mixture of clinical, demographic, and laboratory

variables. The algorithm efficiently processes both numerical and
categorical variables, making it a versatile tool for clinical datasets
where features may have varying relationships with the target
variable, in this case, cognitive decline.

One of the significant strengths of the random forest algo-
rithm is its robustness to noisy or less important features. In this
study, several variables were included based on their potential
relevance to cognitive outcomes, even when they did not show
strong correlations with cognitive decline in the preliminary
analysis. The random forest naturally reduces the impact of
these less informative features through its inherent ability to
assign lower importance to variables that do not significantly
contribute to the prediction without compromising model
performance.

Another critical advantage is the algorithm’s ability to reduce
overfitting, particularly when working with medical datasets that
are prone to variability and noise. The use of “bagging (bootstrap
aggregation),” where multiple decision trees are trained on
random subsets of the data, mitigates the risk of overfitting by
aggregating the predictions of individual trees. This process
ensures that the model generalizes well to new, unseen data, as
demonstrated by the robust performance metrics observed dur-
ing cross-validation and testing.

Moreover, random forest is inherently robust in handling
imbalanced datasets, a common challenge in medical studies
where one outcome (e.g., cognitive decline) is less frequent than
its counterpart (e.g., no cognitive decline). Although this study
involved balancing techniques like stratification, the algorithm’s

Fig. 5 Kernel density estimation of predicted probabilities of cognitive
decline for NOAC- and VKA-treated patients. The plot displays the
distribution of predicted probabilities from the RANDOM FOREST
model for the two treatment groups. Patients on VKAs exhibit a right-
skewed distribution with higher predicted probabilities of cognitive
decline, while those on NOACs show a left-skewed distribution with
lower predicted risk. This separation is statistically confirmed by a
Kolmogorov–Smirnov test (KS statistic¼0.385, p<0.001), indicating a
significant difference in model predictions between groups.

Fig. 6 Top 15 predictors of cognitive decline ranked by permutation importance. This bar plot displays the mean decrease in ROC AUC associated
with randomly permuting each feature in the SMOTE-balanced random forest model, evaluated on the original test set. Error bars represent
the standard deviation across 10 permutations. The variable “anticoagulant therapy” emerged as the most influential predictor, followed by
glycemia, systolic blood pressure, BMI, albumin, and potassium levels. This analysis confirms the dominant role of anticoagulant type in predicting
cognitive outcomes, even within a multivariable and nonlinear framework.
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ability to handle such imbalances ensured that both cognitive and
noncognitive decline cases were effectively identified.

Finally, the scalability and flexibility of random forests make it
ideal for datasets with large feature spaces, such as the one used in
this study. The ability to handle large datasets with numerous
features while maintaining computational efficiency underscores
the suitability of random forest for clinical applications where both
the volume and complexity of data can be substantial.

The actual effects of direct oral anticoagulant (DOAC) versus
VKA therapy on cognitive decline burden in patients with AF are
not yet fully clear.

In our study, the analysis of predicted probabilities of cognitive
decline revealed that the mean predicted probability for patients
on VKA was 0.5027 with a standard deviation of 0.3807, while for
those onNOAC, it was 0.2473with a standard deviation of 0.3043.
The Kolmogorov–Smirnov test results indicated a KS statistic of
0.3604 and a p-value<0.001, suggesting a significant difference
in the distribution of predicted probabilities between the two
groups.

A recent study20 estimated dementia incidence in patients with
newly diagnosed AF and taking an anticoagulant, specifically the
use of DOACs. A total of 1,083,338 beneficiaries were included in
the study, 58.5% female, with a mean (SD) age of 77.2 (6.75)
years. Among anticoagulated, incident AF cohorts, the use of
DOACs increased from 10.6% in their first year of availability
(2011) to 41.4% in 2017. Among incident AF cohorts taking any
OAC, 3-year dementia incidence did not change significantly over
the cohorts after adjusting for confounders. The authors conclud-
ed that the Increased use of DOACs among incident AF cohorts
from 2007 to 2017 was not associated with significant declines in
dementia or stroke risk. Consideration of similar stroke and
dementia risk, as well as differences in cost, is warranted when
weighing the risks and benefits of available OACs.

Another study21 assessed the risk of new all-cause dementia
and vascular dementia in AF patients treated with either DOAC or
VKAs. In this study, the authors evaluated anonymized electronic
medical records. AF patients treated with DOACs within 1 month
of AF diagnosis were 1:1 propensity score-matched with those
treatedwith a VKA. Among patients aged 65 to 74 years whowere
followed, DOAC treatment was associated with a lower risk of
dementia compared with VKAs (hazards ratio [HR]: 0.72; 95% CI:
0.59–0.86). Among patients who completed 10 years of follow-up
after propensity score matching, the final cohort consisted of
19,208 well-matched AF patients. All-cause dementia was diag-
nosed in 314 (3.3%) patients among those treated with DOACs
and 451 (4.7%) among the VKA-treated patients. DOAC treatment
was associated with a significantly lower risk of all-cause dementia
during a 10-year follow-up period compared with VKA treatment
(HR: 0.72; 95% CI: 0.62–0.83). This propensity-score matched
analysis showed that among AF patients, treatment with DOACs
for a period of 10 years was associatedwith a lower risk of all-cause
dementia and vascular dementia compared with VKA treatment,
an effect that was not apparent in those treated for a shorter
duration.

A crucial factor to consider in patients with AF is patient frailty.
AF patients who are frail have been reported to exhibit greater
cognitive decline and lower baseline cognitive function compared
with nonfrail patients.22 While our findings suggest that NOAC

therapy is associated with better cognitive outcomes than VKA
therapy, this observation could be influenced by confounding
factors. The groups in our study differed in age and comorbidities
(with VKA patients being older and having more comorbid
conditions), which are elements of frailty. Indeed, frailty itself
may predispose patients to CoI, regardless of the anticoagulant
type. Moreover, a recent randomized trial (FRAIL-AF) showed that
switching frail elderly AF patients from warfarin to an NOAC did
not improve clinical outcomes and was associated with increased
bleeding complications.23

This underscores that any cognitive benefit of NOACs must be
weighed against individual patient factors like frailty and that
anticoagulation strategies should be personalized. This under-
scores the importance of a holistic “patient-centered” approach to
the patient with AF.

Systematically reviewing large EHR data collected across
patients’ entire visit history within a health care system can
facilitate early detection of cognitive decline by identifying
when patients first reported signs or symptoms of cognitive
decline to any health care professional.

However, despite the overall strong performance, this study
has notable weaknesses that warrant discussion. Current
approaches to identifying cognitive decline from the EHR have
limitations. These approaches commonly rely on billing codes or
medications and are likely to be insensitive. Prior studies primarily
focused on the stages of cognitive decline from MCI to dementia.

Research on detecting early cognitive decline preceding MCI
and based on unstructured EHRs is limited.24

The analysis of predicted probabilities also revealed a signifi-
cant difference between patients on VKA and those on NOAC, as
indicated by the Kolmogorov–Smirnov test (KS statistic: 0.385, p-
value< 0.001; Fig. 4). The higher mean predicted probability of
cognitive decline for patients on VKA (0.50) compared with those
onNOAC (0.24) suggests a potential association between the type
of anticoagulation therapy and cognitive outcomes.

These findings are reinforced by the Permutation Importance
analysis, which demonstrated that the type of OAT was the most
impactful feature in the random forest model. The robustness of
this association, in amultivariable and nonlinear context, suggests
that the observed effect is unlikely to be confounded by other
clinical characteristics.

Moreover, the convergence of findings from both traditional
regression analysis and machine learning approaches reinforces
the robustness of the association between NOAC therapy and
reduced cognitive decline. The logistic regression confirmed the
independent predictive value of anticoagulant type after control-
ling for a broad range of baseline variables, while the random
forest classifier—despite its nonparametric nature—identified the
same variable as a top predictor. This methodological triangula-
tion strengthens the credibility of the observed association and
reduces the likelihood that it is driven by confounding or model-
specific artifacts.

Nevertheless, the possible pleiotropic effects of DOACs, such as
antioxidant, anti-inflammatory, anti-fibrotic, and anti-senescence
effects, as well as decreased permeability, may provide a partial
answer to these questions.

A recent study demonstrated that in a population of patients
with HF and AF, patients treated with VKAs or DOACs
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are distinguishable according to features related to inflamma-
tion, endothelial function, cardiac remodeling, and clinical
status.25

It is conceivable that the actions of DOACs can potentially
extend beyond their conventional role in anticoagulation as
inhibitors of the blood coagulation factors thrombin and fXa.
Indeed, it is well established that these proteases mediate
several (patho)physiological processes such as inflammation,
atherothrombosis, and angiogenesis26 by triggering the activa-
tion of proteinase-activated receptors (PARs). The ability of
DOACs to regulate PAR responses provides new insights into
their actions beyond anticoagulation. Indeed, several preclinical
studies have demonstrated that DOACs exhibit pleiotropic
actions on endothelial cells, including anti-inflammatory, anti-
atherosclerotic, and anti-fibrotic effects, as well as the preser-
vation of endothelial integrity.27–29 It has been established that
DOACs block specific pro-inflammatory processes, regulating
the expression of key cytokines in various in vitro cell systems as
well as in animal models of atherosclerotic lesions.30 Further-
more, the decrease in endothelial permeability and reduction in
ROS generation have been reported as primary mechanisms
underlying the capability of DOACs to enhance endothelial
barrier integrity.31

Lastly, it is important to acknowledge that the MMSE, although
widely used in clinical settings, has limited sensitivity for detecting
dementia in its early stages. Individuals in the prodromal phase of
cognitive decline may score within the normal range despite
clinically meaningful impairments, potentially leading to an un-
derestimation of cognitive dysfunction.32 Nevertheless, theMMSE
offers several notable advantages. It is a brief, easy-to-administer,
and well-validated tool that provides a general overview of key
cognitive domains. Its widespread use and clinician familiarity
enhance its utility in routine practice. To address its limitations,
future research may benefit from incorporating more sensitive
screening instruments, such as the Montreal Cognitive Assess-
ment, which can better detect subtle cognitive deficits in early
dementia.

Conclusion
The model’s high precision and overall accuracy are offset
by its lower recall for the cognitive decline class, highlighting
the need for continued refinement. Despite these limitations,
the significant differences in predicted probabilities between
therapy types provide valuable insights that could guide
future research and clinical practice. Future prospective studies
and validation in an external court will be needed to validate
the predictive performance of our model on CoI in patients with
AF in relation to treatment. Future studies should focus on
enhancing the model’s recall and addressing potential biases to
fully realize the potential of machine learning in predicting
cognitive decline in patients undergoing anticoagulation
therapy.

Our study highlighted that DOAC treatment, compared with
VKAs, adjusted for potential confounding factors, is the main
factor influencing a reduction in CoI in a population of elderly
patients with AF. The incidence of CoI and dementia represents
one of the most important factors influencing patients’ quality of

life. The results of this study, therefore, suggest implementing
awareness of this outcome in the complex choice of the best
anticoagulant treatment in the elderly population.

What is known about this topic?

• Thromboembolic events clearly contribute to CoI in AF
patients, highlighting the importance of preventing such
events through OAT.

• AF is associated with cognitive decline and dementia even in
the absence of a clinically significant stroke.

• NOACs have a better safety profile and equivalent efficacy
compared with VKAs. However, the literature shows no net
cognitive function benefit of NOACs over VKAs.

What does this paper add?

• Machine learning lies in its capacity to discern patterns and
correlations within complex datasets, yielding valuable insights
into disease diagnosis, prognosis, and treatment.

• Our machine learning model has, therefore, demonstrated a
good predictive power in predicting cognitive decline, indicat-
ed by an AUC value of 0.88, a good accuracy documented by a
precision greater than 80% in the precision–recall curve, a good
sensitivity and specificity assessed through the Kolmogorov–
Smirnov test.

• Our study demonstrates a significant advantage of the use of
DOACs compared with VKAs in preventing cognitive decline in
patients with AF, especially in the elderly population.
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