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Abstract

Background: The detection of underlying paroxysmal atrial fibrilla-
tion (AF) in patients with cryptogenic stroke (CS) can be challenging, 
and there is great interest in finding predictors of its hidden presence. 
The recent development of sophisticated software has enhanced the di-
agnostic and prognostic performance of the 12-lead electrocardiogram 
(ECG). Our aim was to assess the additional role of a computer-assisted 
ECG analysis in identifying predictors of AF in patients with CS.

Methods: Sixty-seven patients with ischemic stroke or high-risk tran-
sient ischemic attack of unknown etiology were prospectively stud-
ied. Their 12-lead digitized ECG was analyzed with dedicated soft-
ware, quantifying 468 morphological variables. The main clinical, 
biochemical, and echocardiographic variables were also collected. 
At discharge, patients were monitored with a wearable Holter for 15 
days, and the primary outcome was the detection of AF.

Results: The median age was 80 (interquartile range (IQR): 73 - 84) 

and AF was detected in 21 patients (31.3%). After preselecting sig-
nificant ECG variables from the univariate analysis, a multivariate 
regression including other significant clinical, biochemical and echo-
cardiographic predictors of AF was performed. Among the automati-
cally analyzed ECG parameters, the amplitude of the R wave in V1 
(V1_ramp) was significantly associated with the outcome. The best 
model to predict AF was composed of age, N-terminal B-type natriu-
retic peptide (NT-proBNP), left atrial reservoir strain (LASr) and V1_
ramp. This model showed good discrimination capacity (corrected 
Somer’s Dxy: 0.907, Brier’s B: 0.079, area under the curve (AUC): 
0.941) and performed better than the same model without the ECG 
variable (Somer’s Dxy: 0.827, Brier’s B: 0.119, AUC: 0.896).

Conclusions: The addition of computer-assisted ECG analysis can 
help stratify the risk of AF in the challenging clinical setting of CS.

Keywords: Computer-assisted ECG analysis; Paroxysmal atrial fi-
brillation; Cryptogenic stroke

Introduction

Stroke is a major public health problem worldwide and a lead-
ing cause of death and disability [1]. Cryptogenic stroke (CS), 
or stroke of undetermined etiology, can represent up to 30% 
of ischemic strokes (IS), and is defined, following the TOAST 
and SSS-TOAST criteria, as an IS that is not attributable to one 
definite cause despite a thorough diagnostic assessment [2, 3]. 
Through prolonged ambulatory monitoring techniques, atrial fi-
brillation (AF) can be detected in up to 30% of these patients [4, 
5]. Therefore, identifying the markers of an underlying parox-
ysmal AF in this population is of primary importance to imple-
ment an optimal monitoring strategy and an adequate therapy in 
secondary prevention [6]. In this setting, different clinical and 
instrumental predictors of AF have been investigated. Recently, 
our group proposed a comprehensive score (the Decryptoring 
Score), which uses clinical, echocardiographic and biochemical 
markers of atrial dysfunction to predict the incidence of AF in 
patients with CS [5]. In that study, no electrocardiogram (ECG) 
parameters obtained with a conventional analysis proved to be 
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significantly associated with the presence of a hidden AF. Nev-
ertheless, in the last years, sophisticated software analyses have 
been developed, which allow the quantification of hundreds of 
variables, with the potential to expand the information obtained 
by the conventional manual approach, and to increment the di-
agnostic and prognostic performance of the ECG [7-10]. With 
these premises, the main aim of our study was, therefore, to as-
sess the potential adjunctive role of a computer-assisted ECG 
analysis, in the context of a comprehensive diagnostic approach, 
to identify biomarkers of atrial disfunction and to stratify the 
risk of AF in patients with CS.

Materials and Methods

Study population

This study prospectively included all consecutive patients aged 
over 60, who were admitted to the Stroke Unit of our univer-
sity hospital between April 2019 and April 2022, with an estab-
lished diagnosis of IS or transient ischemic attack (TIA) with an 
ABCD2 scale ≥ 4 [11]. After the required systematic and exhaus-
tive complementary studies, conducted according to our center’s 
protocol (center accredited by the European Stroke Organization 
as “Stroke Center”), these patients were initially classified as CS.

Exclusion criteria were as follows: patients aged less than 
60; the presence of an exclusive etiology defined according to 
the SSS-TOAST criteria [3], such as lacunar infarct, athero-
thrombotic stroke, or rare causes of stroke (dissection, vasculi-
tis, vasospasm); previous AF or AF detected within the first 48 
h after admission; moderate and severe mitral stenosis; apical 
aneurism and patent foramen ovale with deep venous throm-
bosis and pulmonary embolism documentation.

AF detection

During admission, all patients underwent continuous ECG 
monitoring for at least 48 h, which was evaluated by the stroke 
neurologist at the workstation of the Stroke Unit, which is 
equipped with a dedicated AF detection software (PhilipsTM). 
In addition, at discharge, following our prospective protocol, 
all patients were monitored with a wearable Holter device (Nu-
uboTM) for 15 days. The evaluation of the Holter registry was 
performed by an external CoreLab blinded to the study inves-
tigators. AF was defined according to the current European So-
ciety of Cardiology (ESC) guidelines as the presence of more 
than 30 s of a heart rhythm with no P waves and irregular RR 
intervals [12]. AF occurrence was the primary outcome meas-
ure of this study.

Clinical assessment, ECG and echocardiography

The baseline demographics and vascular risk factors of every 
patient, as well as the characteristics of the stroke, the clinical 
severity measured by the National Institute of Health Stroke 
Scale (NIHSS), and the treatment in the acute phase, were pro-

spectively assessed. Blood samples, including highly sensitive T 
troponin (TNT) and N-terminal B-type natriuretic peptide (NT-
proBNP) in the first 72 h of admission, were also collected.

Computer-assisted ECG analysis

For each patient, a 12-lead ECG, digitally stored in XML for-
mat, performed in a time-lapse of 10 days before or after the 
admission to hospital, was selected. Every ECG was automati-
cally analyzed by the Philips DXL algorithm, yielding a total of 
468 distinct morphological variables (39 in each lead), which 
quantify, among other aspects, the amplitudes, durations, ar-
eas and shapes of each wave and segment in every lead. The 
definition of the main variables according to Philips nomen-
clature is described here (Supplementary Material 1, cr.elmer-
pub.com). A graphical example of some of the ECG variables 
quantified by the Philips algorithm is depicted in Figure 1. A 
manual ECG analysis was also previously performed by an ex-
pert cardiologist, who collected conventional ECG variables, 
such as the amplitude of the P wave, the presence of interatrial 
block, the duration and morphology of the QRS complex, and 
the duration of the PR and QT intervals.

Transthoracic echocardiography (TTE)

All patients underwent TTE at the same time as the ECG was 
performed. All studies were accomplished with the same ul-
trasound system (Philips EPIQ 7), and measurements were 
executed according to current guidelines [13, 14] by the same 
certified expert in echocardiography.

Left atrium diastolic volume (LADV) was obtained by 
Simpson biplane disk summation method. For each patient, the 
LADV was indexed to the body surface area (BSA) to obtain 
the indexed LADV (iLADV). Left atrium strain (LAS) analy-
sis was performed with the dedicated atrial software (Philips) 
from the four-chamber view with a temporal resolution higher 
than 50 Hz. The left atrial (LA) wall was automatically traced 
and manually corrected when necessary. Subsequently, the 
software calculated left atrial reservoir strain (LASr), conduct 
(LAScd) and contraction (LASct) by speckle tracking analysis 
using end-diastole as initial reference.

Ethics

The study was approved by the Ethical Committee of Hospital 
Universitario de La Princesa (7-02-19, acta CEIm 03/19). This 
study was conducted in compliance with the ethical standards 
of the responsible institution on human subjects as well as with 
the Helsinki Declaration. All patients or their relatives provid-
ed written informed consent.

Statistical analysis

For each patient, all clinical, biochemical, ECG, and echo-
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cardiographic variables were analyzed. In the case of missing 
values, they were imputed if they represented less than 15% 
of the total for each predictive variable. On the contrary, pre-
dictive variables which had more than 15% of missing val-
ues were discarded. Quantitative variables are expressed as 
median and interquartile range (IQR). Comparison of quan-
titative variables was performed with non-parametric tests, 
while qualitative variables were compared by Chi square or 
Fisher tests, as appropriate. With the aim of studying the as-
sociation between these variables and the outcome (catego-
rized as the presence or not of AF), a univariate logistic re-
gression was conducted, and predictors with a P < 0.05 were 
selected. All continuous variables were categorized as binary 
by calculating the optimal cut points in each case. This cat-
egorization procedure was performed considering the rela-
tionship between each of the continuous variables and the 
outcome variable (AF), while maximizing both specificity 
and sensitivity.

To assess the predictive capacity of automatically ana-
lyzed ECG biomarkers, two sets of variables were indepen-
dently analyzed. One set comprised clinical, biochemical, and 
echocardiographic variables, while the other set composed 
the ECG variables obtained by computer-assisted analysis. 
After performing a univariate analysis on each set, multi-
variate regressions with the preselected significant variables 
were independently conducted on each of the two datasets. 
A final predictive model was thereafter obtained includ-
ing in the multivariate analysis of clinical, biochemical and 
echocardiographic variables, the significant ECG predictors. 
A variance inflation factor (VIF) analysis was performed in 
each one to exclude collinearities. Only variables with a VIF 
< 5 were maintained in the model. For the variable selection 
of the final models, a backward stepwise procedure was car-
ried out to achieve the best combination of predictors, guided 

by the Akaike Information Criterion (AIC). Size effects were 
reported as odds ratios (ORs), along with their corresponding 
confidence intervals (CIs: 2.5% - 97.5%) and associated P val-
ues. To assess the goodness of fit of the two nested models 
(one composing clinical, biochemical, and echocardiographic 
variables and the other one also including the ECG parameter), 
a likelihood ratio test was conducted.

Model assessment and predictive capacity

To test the predictive capacity of the two obtained models and 
considering the reduced number of patients in the sample, a 
bootstrap model validation was implemented. In doing that, 
we resampled with replacement 500 times the original data, 
every one of these could therefore be used as “new” test data, 
in which the model performance could be evaluated [15]. This 
validation was performed on both the clinical-biochemical-
echocardiographic dataset and on the clinical-biochemical-
echocardiographic-ECG one. Several metrics to assess each 
model’s accuracy and capacity of separating patient’s out-
comes were calculated. These included the classical Nagel-
kerke R2 index (which compares the obtained model to the 
null one); the Somers’ Dxy (a rank correlation between the re-
sponse and the predicted probabilities), from which the area 
under the curve (AUC) of the receiver operating characteris-
tic curve (ROC) can be obtained using the formula (Dxy = 2 
× (AUC - 1/2)), and the Brier score (the mean square error 
of predictions), which estimates the accuracy of probabilistic 
predictions. The method employed to obtain the best predic-
tive model is resumed in the diagram of Figure 2.

Data management, statistical calculations, and graphical visu-
alizations were conducted using the R statistical software through 
the RStudio Integrated Development Environment (IDE) for R. 

Figure 1. Graphic example of some of the relevant ECG variables quantified by the Philips algorithm. ECG: electrocardiogram.
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The particular packages applied were car, caret, compareGroups, 
cutpointr, DataExplorer, ggplot2, ggpubr, glmnet, Hmisc, MASS, 
mice, pROC, questionr, rms, and VIM.

Results

A total of 105 patients were initially analyzed. From this co-
hort, 13 patients were excluded for the following reasons: two 
patients were diagnosed with lung cancer, one patient had a 
brain tumor, one patient had MELAS syndrome, one patient 
was diagnosed with a thoracic aneurysm that compressed the 
left atrium, one patient had essential thrombocythemia, one pa-
tient had an atrial septal defect, two patients died before under-
going the scheduled Holter ECG monitoring, and four patients 
could not be monitored by Holter ECG due to coronavirus dis-
ease 2019 (COVID-19)-related lockdown logistic limitations. 
Of the remaining 92 patients, for the specific aim of this study, 
13 were excluded because of problems in the transmission or 
storage of the ECG in XML format, two were excluded due to 

the poor quality of the ECG registration, and 10 patients were 
excluded due to suboptimal echocardiographic window, result-
ing in a final population of 67 patients. Of these, 21 (31.3%) 
had at least one episode of AF.

Clinical, biochemical and echocardiographic characteris-
tics

The main clinical, biochemical and echocardiographic charac-
teristics in patients with and without AF are detailed in Table 
1. The median age of the population was 80 years (IQR: 73 - 
84 years), and the group of patients with AF was significatively 
older (median age: 83 years (IQR: 78 - 86) vs. 78.5 years (IQR: 
71 - 82.8), P = 0.010). Regarding vascular risk factors, patients 
who developed AF more often had hypertension (81% vs. 50%, 
P = 0.033), without significant differences in diabetes, dyslipi-
demia or tobacco consumption. Higher values of TNT (median 
value: 17.1 ng/L (IQR: 12.0 - 29.0) vs. 12.9 ng/L (IQR: 9.87 - 
21.7), P = 0.036) and of NT-proBNP (median value 420 pg/mL 

Figure 2. Flow diagram of the methods employed to obtain the final predictive model. CS: cryptogenic stroke; AF: atrial fibrilla-
tion; ECG: electrocardiogram.
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(IQR: 305 - 1704) vs. 152 pg/mL (IQR: 66.0 - 372), P < 0.001) 
were observed in the AF group. On the echocardiogram, patients 
who developed AF had a greater LADV (median values: 65 mL 
(IQR: 47 - 77) vs. 47 mL (IQR: 37 - 55.8), P = 0.012) and iL-
ADV (median value 37.8 mL (IQR: 27.7 - 42) vs. 27.5 mL (IQR 
21.2 - 33), P = 0.008). LASr was significantly lower in patients 
with AF (16.9% (IQR: 13.9 - 21.8) vs. 31.1% (IQR: 26.9 - 37.6), 
P < 0.001). There were no significant differences in left atrial 

ejection fraction (LAEF), left ventricle (LV) volumes and left 
ventricular ejection fraction (LVEF) measured by biplane Simp-
son method. The 10 s 12-lead ECG of each patient was visually 
analyzed by an expert cardiologist, and no significant differenc-
es were observed among the two groups for conventional ECG 
parameters such as P wave voltage, presence of interatrial block, 
PR and QT interval, and QRS duration.

Table 1.  Clinical, Biochemical, Echocardiographic and Manually Assessed ECG Baseline Characteristics

All patients (n = 67) No AF (n = 46) AF (n = 21) P value
Age (years) 80.0 (73.0; 84.0) 78.5 (71.0; 82.8) 83.0 (78.0; 86.0) 0.010
BMI (kg/m2) 25.7 (23.6; 28.0) 25.9 (23.6; 28.5) 24.8 (23.3; 26.8) 0.154
Sex 0.780
    Female 35 (52.2%) 23 (50.0%) 12 (57.1%)
Hypertension 39 (58.2%) 22 (47.8%) 17 (81.0%) 0.022
Diabetes mellitus 16 (23.9%) 11 (23.9%) 5 (23.8%) 1.000
Dyslipidemia 39 (58.2%) 28 (60.9%) 11 (52.4%) 0.699
Tobacco 0.674
    Never 51 (76.1%) 34 (73.9%) 17 (81.0%)
    Current 7 (10.4%) 6 (13.0%) 1 (4.76%)
    Former 9 (13.4%) 6 (13.0%) 3 (14.3%)
CAD 10 (14.9%) 6 (13.0%) 4 (19.0%) 0.713
TNT (ng/L) 14.0 (10.1; 24.1) 12.9 (9.87; 21.7) 17.1 (12.0; 29.0) 0.036
NT-proBNP (pg/mL) 245 (113; 463) 152 (66.0; 372) 420 (305; 1704) < 0.001
LADV (mL) 51.0 (39.0; 68.2) 47.8 (36.8; 55.8) 65.0 (47.0; 77.0) 0.014
iLADV (mL/m2) 29.5 (22.8; 40.0) 27.5 (21.2; 33.8) 37.8 (27.7; 42.0) 0.014
LASV (mL) 25.0 (18.0; 37.0) 20.9 (16.2; 29.8) 33.0 (22.0; 38.0) 0.020
LASr (%) 27.1 (18.5; 34.1) 31.1 (26.9; 37.6) 16.9 (13.9; 21.8) < 0.001
LAEF (%) 51.6 (37.2; 59.7) 52.6 (38.5; 64.0) 45.9 (37.0; 53.3) 0.105
Septal thickness (mm) 11.0 (10.0; 12.0) 11.0 (10.0; 12.0) 11.0 (10.0; 12.0) 0.606
LVEF (%) 63.0 (59.5; 73.0) 63.0 (59.0; 68.6) 66.0 (60.0; 75.0) 0.276
LVEDV (mL) 66.0 (51.0; 86.0) 69.5 (54.0; 87.0) 61.0 (46.0; 70.0) 0.229
LVESV (mL) 20.0 (15.5; 31.0) 22.5 (16.0; 33.0) 19.0 (15.0; 26.0) 0.433
Interatrial block 0.42
    Type 1 4 (5.97%) 2 (4.35%) 2 (9.52%)
    Type 2 6 (8.95%) 5 (10.9%) 1 (4.76%)
PR (ms) 177 (160; 190) 172 (160; 190) 180 (160; 190) 0.533
QRS morphology 0.258
    RBBB 4 (5.97%) 2 (4.35%) 2 (9.52%)
    LBBB 5 (7.46%) 5 (10.9%) 0 (0.00%)
QRS (ms) 100 (90.0; 110) 100 (90.0; 110) 98.0 (95.0; 110) 0.635
QTc (ms) 442 (430; 455) 440 (429; 457) 445 (440; 450) 0.583
TIA 17 (25.4%) 13 (28.3%) 4 (19.0%) 0.616

Quantitative variables are displayed as median (1Q; 3Q). BMI: body mass index; CAD: coronary artery disease; TNT: troponin T; NT-proBNP: N-
terminal B-type natriuretic peptide; LADV: left atrium diastolic volume; iLADV: indexed LADV; LASV: left atrium systolic volume; LASr: left atrial 
reservoir strain; LAEF: left atrial ejection fraction; LVEF: left ventricular ejection fraction (calculated by Simpson biplane method); RBBB: right bundle 
branch block; LBBB: left bundle branch block; TIA: transitory ischemic attack.
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Stroke characteristics according to AF detection

Regarding stroke characteristics, there were no differences in 
the percentage of TIA between groups or in the NIHSS score 
on admission and at discharge.

ECG predictors of AF obtained by computer-assisted ECG 
analysis

The values of the main variables obtained after performing a 
computerized analysis of the 12-lead ECG in the group of pa-
tients with and without AF, are described in full details here 
(Supplementary Material 2, cr.elmerpub.com). After perform-
ing a univariate analysis (P < 0.05), patients with AF presented 
a greater amplitude of the R wave in V1 (V1_ramp) and in 
V4 (V4_ramp), a shorter duration of the q wave in lead aVR 
(aVR_qdur), a longer duration of the q wave in lead I (I_qdur), 
a greater duration of the R wave in lead aVR (aVR_rdur), a 
greater amplitude of the q wave in lead aVL (aVL_qamp) and 
a greater duration of the ST segment in lead I (I_stdur). VIF 
values were calculated for each variable, and a minimum of 
1.1, a maximum of 1.79 and a mean VIF value of 1.32 were 
obtained. After performing a multivariate analysis to achieve 
the best combination of predictors, guided by the AIC, only 
V1_ramp (OR: 2.95, CI 2.5-97.5%: 0.96 - 9.49, P value: 0.062) 
and aVR_rdur (OR: 5.41, CI 2.5-97.5%: 1.51 - 25.90, P value: 
0.016) persisted in the predictive model. The cutoffs for these 
variables were 137 µV for V1_ramp and 18 ms for aVR_rdur.

These variables are depicted in Figure 1, and those finally 
selected by the AIC are highlighted in red.

Clinical, biochemical and echocardiographic model to pre-
dict AF

After performing a univariate analysis with the clinical, echo-
cardiographic and biochemical variables, a multivariate regres-

sion with the preselected significant predictors was performed. 
A final predictive model was obtained, in which NT-proBNP 
(cutoff: 203.5 ng/dL), LASr (cutoff 23.3%) and age (cutoff 76 
years) were included. The OR and P values for each variable of 
the model are shown in Table 2.

Clinical, biochemical, echocardiographic, and ECG model 
to predict AF

After including the significant ECG predictors (V1_ramp and 
aVR_rdur) previously obtained, in the multivariate analysis 
of clinical, biochemical and echocardiographic variables, the 
final predictive model resulted to be: (AF predicted by: age 
+ NT-proBNP + LASr + V1_ramp). The OR and P values for 
each variable of this model are shown in Table 3.

Validation and comparison of the two models

The main metrics obtained for the final model (AF predicted 
by: age + NT-proBNP + LASr + V1_ramp) after performing a 
bootstrapping validation confirmed a very good discrimination 
capacity (corrected Somer’s Dxy: 0.907, Brier’s B: 0.079, AUC: 
0.941). The same validation procedure was applied to the model, 
after excluding the ECG variable (AF predicted by: age + NT-
proBNP + LASr), to evaluate whether its presence provided rel-
evant additional information, and slightly worse results were ob-
tained in this case (Somer’s Dxy: 0.827, Brier’s B: 0.119, AUC: 
0.896). Finally, the two models were compared with a likelihood 
ratio test (P = 0.011), demonstrating a better capacity of explain-
ing the data by including the ECG variable in the model.

Discussion

We sought to perform an extensive computer-assisted ECG 
analysis in a population of patients with CS, in order to iden-

Table 3.  Final Predictive Model Including Clinical, Echocardiographic Biochemical and ECG Variables

Variable (range) OR CI (2.5% - 97.5%) P value

Age (> 76 years) 12.51 0.47 - 845.03 0.17
NT-proBNP (> 203.5 pg/mL) 23.61 2.65 - 665.99 0.016
LASr (≤ 23.3%) 145.91 13.94 - 6,223.62 < 0.001
V1_ramp (> 137 µV) 33.04 3.38 - 1,167.86 0.013

ECG: electrocardiogram; NT-proBNP: N-terminal B-type natriuretic peptide; LASr: left atrial reservoir strain; V1_ramp: amplitude of the R wave in lead V1.

Table 2.  Predictive Model Including Clinical, Echocardiographic and Biochemical Variables

Variable (range) OR CI (2.5% - 97.5%) P value
Age (> 76 years) 4.69 0.59 - 51.50 0.163
NT-proBNP (> 203.5 pg/mL) 8.21 1.56 - 58.55 0.020
LASr (≤ 23.3%) 36.07 7.26 - 301.83 < 0.001

OR: odds ratio; CI: confidence interval; NT-proBNP: N-terminal B-type natriuretic peptide; LASr: left atrial reservoir strain.
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tify potential ECG predictors of AF in the long-term monitori-
zation through machine learning techniques.

In fact, in recent years, thanks to the development of so-
phisticated software, we have witnessed a notable expansion 
of the diagnostic and prognostic power of ECG, which allows 
the immediate extraction and quantification of hundreds of 
ECG variables, to predict cardiac outcomes [16], including AF 
development [7, 17]. In the context of CS, nevertheless, the ev-
idence regarding ECG predictors of AF derives from a limited 
number of studies which addressed the capability of specific 
ECG parameters obtained by conventional analysis, to predict 
the presence of hidden AF. These parameters include the du-
ration, morphology, voltage and axis of the P wave, and the 
presence of inter-atrial block [18-20]. Artificial intelligence 
was applied in this setting by Rabinstein et al, allowing to pre-
dict the presence of AF on prolonged ECG monitoring by the 
analysis of the basal ECG in patients with embolic stroke of 
unknown etiology (ESUS) [21]. Nevertheless, in that study a 
convolutional neural network (CNN) model was implemented, 
so it is not possible to obtain information on the discriminatory 
value of specific ECG variables.

Predictive value of ECG biomarkers

Using the data extracted by our automatic ECG analysis soft-
ware, which measured over 400 ECG variables, seven bio-
markers proved to be associated with AF in the univariate 
analysis. Nevertheless, after a multivariate analysis including 
also clinical, biochemical and echocardiographic parameters, 
only the presence of an R wave in V1 > 137 µV (0.137 mV) 
resulted significantly related to the outcome.

A tall R wave in V1 can be due to many diverse causes, 
which have been in different ways associated with AF, as right 
bundle branch block (RBBB), right ventricle hypertrophy, pos-
terior wall myocardial infarction, Wolff-Parkinson-White pat-
tern and hypertrophic cardiomyopathy [22].

More in detail, regarding the relationship between bun-
dle branch block (BBB) and AF, contrasting results have been 
observed. Khan et al analyzed a large database of patients and 
observed that the prevalence of AF was greater in the group 
with BBB, and that AF was comparatively more associated to 
RBBB than to left BBB (LBBB) [23]. Moreover, a significant 
association between RBBB and the presence of AF has been 
described in a cohort of hospitalized patients [24], and RBBB 
has been found to be a predictor of late AF recurrence after 
pulmonary vein ablation [25]. On the other hand, no signifi-
cant association between the presence of RBBB and AF was 
observed in a large prospective cardiovascular study including 
more than 18,000 residents in Copenhagen [26]. In our popula-
tion, when manually analyzing the ECGs, no statistically sig-
nificant differences were observed among the two groups.

Interestingly, Nielsen et al [27] found a significant rela-
tionship between lone AF and incomplete RBBB, defined as 
the presence of an RSr’ or RSR’ configuration in leads V1 or 
V2 and a QRS interval < 120 ms in leads I, II, III, aVL, and 
aVF. Similar results were obtained by Frontera et al, who ob-
served that the presence of an incomplete RBBB was signifi-

cantly associated with the presence of AF in a loop recorder 
monitorization [28].

On the other hand, Chatterjee et al [29] found that an in-
creased right ventricle (RV) mass measured on cardiac mag-
netic resonance (CMR) was associated with the presence of 
AF in a multiethnic cohort free of cardiovascular disease at 
baseline (MESA study). The authors considered that these data 
raise the possibility of RV morphology as a structural bio-
marker of AF risk. In fact, in MESA participants, abnormal 
RV morphology has been linked to subclinical left ventricle 
dysfunction, conditions associated with abnormal pulmonary 
vascular function (obesity and emphysema), and biomarkers 
of inflammation and neurohormonal activation. In turn, the au-
thors highlighted that each of these features was implicated in 
the pathogenesis of AF.

In the specific setting of CS, previous studies have de-
scribed a significant association between AF and a prolonged 
PR interval [30], an increased duration of the P wave, and 
the presence of interatrial block [18, 20]. Interestingly, in our 
study, no parameters related to the duration of the P wave and 
the PR interval were significantly associated with the outcome. 
We cannot exclude that this finding could be partly due to the 
limited number of patients of our sample, or to a minor vari-
ability of the software in analyzing the variables related to the 
QRS complex in comparison to the P wave.

Clinical, biochemical and echocardiographic predictors of 
AF

With the perspective of maintaining a comprehensive approach 
to predict AF in patients with CS, on top of the ECG variables, 
we also analyzed clinical, echocardiographic and biochemical 
potential markers of this arrhythmia. After a multivariate anal-
ysis of all these parameters, an older age, a higher NT-proBNP 
and a lower LASr were included in the final model. These re-
sults are in keeping with the available literature and with our 
previous experiences [5, 31, 32]. The fact that among them 
LASr showed the greatest predictive value, reinforces the idea 
that markers of atrial structural and functional remodeling are 
important surrogate predictors of hidden AF in patients with 
stroke of unknown etiology [33].

Final models and adjunctive value of a computer-assisted 
ECG analysis

The final predictive model obtained after analyzing the clini-
cal, biochemical, echocardiographic and automatically ob-
tained ECG variables of our population (AF predicted by: age 
+ NT-proBNP + LASr + V1_ramp), showed a very good dis-
crimination capacity. Interestingly the metrics for this model 
(among which the Brier’s B, which is considered especially 
useful for model comparison [34]) and the AUC of the ROC 
were slightly better than the metrics for the same model af-
ter excluding the amplitude of the R wave in V1 lead (AF 
predicted by: age + NT-proBNP + LASr), and the difference 
were statistically significant. These results support the poten-
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tial incremental value of an automatized ECG analysis in this 
context, even though they will need to be validated in larger 
cohorts of patients.

Limitations

Our study has some limitations, the main ones being related 
to the small sample of our population and the significant num-
ber of patients excluded from the analysis. Nevertheless, these 
were consecutive patients studied under the strict prospec-
tive and systematic diagnostic protocol of our center (which 
is accredited by the European Stroke Organization as “Stroke 
Center”), and therefore were fully characterized from a clini-
cal standpoint. Further evidence will be useful to confirm our 
preliminary results, which should be considered exploratory 
and hypothesis-generating.

Conclusions

Taken altogether, our findings confirm the importance of a 
comprehensive approach to predict the risk of AF in patients 
with CS and suggest that adding a computer-assisted ECG 
analysis in this population can be useful.

Supplementary Material

Suppl 1. Definition of the main ECG variables according to 
Philips nomenclature.
Suppl 2. Values of the main variables obtained after perform-
ing a computerized analysis in the group of patients with and 
without AF.
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