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Abstract
Atrial fibrillation (AF) is the most common heart arrhythmia. Paroxysmal AF onset prediction is a more complex task than screening AF. Published methods using the
AFPDB database show excellent results, suggesting that
paroxysmal AF onset prediction is possible with machine
learning (ML) models using heart rate variability (HRV)
parameters.
Aims To understand if AF onset prediction is possible using previously published methods. Reproduce results of
published studies using the Physionet database.
Methods We searched the literature for all articles on
paroxysmal AF onset prediction. We analysed in depth 3
methodology using ML methods to replicate their results.
Results With the information available in the publication,
we were unable to reproduce the results presented by the
authors with differences up to 20%. For each publication,
we explored different scenarios with multiple splits and parameters choice for the model.
Conclusion Reproducibility of the models and results is
becoming a key aspect of ML research and authors must
describe and make available the whole methods required
to achieve their results.

1.

Introduction

Atrial fibrillation (AF) is the most common heart arrhythmia. This disease is linked to an increased risk of
stroke, heart failure and death. During paroxysmal AF, crisis starts and stops with no known warning sign. In 2001,
Physionet launches the PAF Prediction Challenge [1] to
understand if incoming signs of AF onset can be detected
in the 30-minute window preceding the start of the crisis.
This question has continued to be explored by multiple
research teams. The results presented in the publications
using database from the challenge are optimistic with accuracy values around 90% [2–4]. The reproducibility of
published works is not always straightforward without access to the original code. Recently, machine learning (ML)

based methods have shown great results in multiple fields
including AF detection and AF onset prediction. Reviews
have shown that ML publications contain errors or missing information in the methodology, data leakage from the
train split to the test split making the results difficult or
sometimes impossible to reproduce [5]. It is recommended
to have the most independent data split to ensure a good
generalisation of the prediction [6].
In this paper, we have analysed and reproduced the
method of 3 publications to understand if the results are
reproducible. The materials and methods are presented in
Section 2, the results in Section 3, the discussion in Section
4 and the conclusion in Section 5.

2.

Materials and method

2.1.

PAF Prediction Challenge Database

The PAF Prediction Challenge Database (AFPDB) has
become the standard dataset for AF onset prediction. This
dataset is composed of 200 ECGs records from 100 patients, with 2 records per patient. The duration of each
record is 30 minutes and the sampling frequency is 128
Hz. For AF patients, one record is preceding an AF and
the other is distant from any AF sign (with at least 45 minutes before and 30 minutes after). For healthy patients, the
two records are normal sinus rhythm (NSR). For the challenge, the dataset was composed of a train set (50 patients
with 25 AF patients) and a test set (50 patients with 28 AF
patients). In total, the dataset is composed of 53 records
preceding AF and 147 records distant from any AF sign.

2.2.

Models from previous work

We searched the literature for all AF onset prediction
publications. We found 33 papers published between 2001
and 2022 and selected 3. Table 1 summarised the selected
approaches.

Ref.
[2]

Date
2012

Model
SVM

Window
30

[3]

2018

SVM

5

[4]

2018

KNN

5

Features
bispectral
frequential
non-linear
time-domain
bispectral
frequential
non-linear
time-domain
frequential

Table 1: Selected models for AF onset prediction

Model SVM-30
A SVM classifier is proposed in [2]. They used the 30minute window of the signal. After preprocessing and
HRV extraction, they used frequential features, bispectral features and non-linear features (sample entropy and
Poincaré plot-extracted features) from the HRV signal.
They used the initial train-test split from the challenge, but
they restricted their dataset to use only AF patients. In total, it represents 50 ECGs for training and 56 ECGs for
testing. The best results were achieved using C = 1000
and γ = 3.6 for the SVM. The selected features are two
frequential features (LF, HF), six bispectral features (e1,
e2, h1, h2, h3, h4) and four non-linear features (sampen,
sd1, sd, ratio sd1/sd2).

Model SVM-5
[3], they also proposed an SVM classifier using features from 5-minute windows. The HRV is extracted from
ECGs. After correction features from time-domain, frequential features and bispectral features are used. Genetic
algorithm (GA) is used to select features and the final set
is composed of temporal features (NN50, pNN50), nonlinear features (SampEn, SD2), frequential features (ARLF) and bispectral features (LL-H1, ROI-WCOB). They
used a 10-fold cross validation (CV) to validate their results using the 106 ECGs from the 53 AF patients.

Model KNN
In [4], they used a K-nearest neighbours (KNN) model.
The 30-minute records are split into 5-minute windows
with 50% overlapping windows. They used the train
dataset, with the expect of the record n27. In total, it represents 74 NSR records and 25 AF records. To compute
their classifier performance, they used 10-fold CV. Using
the ECGs signal, they extracted HRV and they used temporal, frequential and non-linear features. To select features,
they used a GA where every feature usage is encoded as

Ref.
[2]
[3]
[4]

Accuracy
87.7%
90.0%

Sensitivity
96.30%
86.8%
92.0%

Specificity
93.10%
88.7%
88.0%

Table 2: Reported results for AF onset prediction

one bit. They present multiple models with results for different dataset splits, feature selection and k value for KNN
models. The best model is using k = 3 and 5 features
(RMSSD, FFT LF, FFT VLF, FFT Total).

2.3.

Reproduction

We reproduce the method presented in each paper. We
create multiple scenarios by variation the dataset choice,
the dataset split and the model parameters. Each scenario
was run 1000 times and reported the average accuracy, sensitivity and specificity with 95% confidence interval (CI).
From [2], we used two SVM with 30-minute window.
The first with C=1000 and γ=3.6 as presented in the paper and a second SVM with C chosen in [0.1, 1, 10, 100, 1000, 10000] and γ chosen in
[10, 3.6, 1, 0.1, 0.01, 0.001, 0.0001]. We used the initial
train-test split. We also tested features if standardisation
increase the results.
From [3], we used the SVM model with features extracted from 5-minute window. We used the features selected by the GA. We used variable C and γ as for model
SVM-30. We tested two types of window choice: only the
last five minutes of the records or all 5-minute windows
available from the 30-minute window (with 50% overlap).
We tested two datasets: the first with all AF patients and
the second with the whole dataset. We used 10-fold CV at
patient level.
From [4], we used a KNN model with features selected
by the GA from 5-minute window. We used two types of
cross validation, either at record level or at patient level.
We tested three dataset splits: the train with only AF patients, the train with all patients and finally the whole
dataset. We used two types of cross validation, either at
record level or at patient level, i.e. the two records of one
patient should be contained in the same split. We run 10fold CV.

3.

Results

The performances of the reproduced models were lower
than those presented in the selected publications. They are
presented in Table 2.

(a) Figure 4a from [2]

Figure 2: Sensitivity and specificity for KNN with k =3 in
the different scenarios
ble 6. The distribution of the sensitivity and specificity of
each CV is presented in Figure 2. The results using splits
are record level are better but could be linked to the data
leakage between the train and test set.

4.
(b) Reproduction

Figure 1: Reproduction of the contour plot of biamplitude
for 30-minute window (record p03 of AFPDB)

Model SVM-30
For the model of [2], we achieved an accuracy of
78.57%. The results are presented in Table 3 for the fixed
parameters and in Table 4 for the variable parameters. We
were able to reproduce the bispectral plot presented in the
publication as shown in Figure 1 to validate our method.
The model seems to overfit on one class when no standardisation is used. The results were better using variable
C and γ.

Model SVM-5
For the model of [3], we achieved 74.45% of accuracy.
The results with the various scenarios are presented in Table 5. Results on the whole dataset were better in accuracy
but lower in sensitivity.

Model KNN
For the model of [4], we achieved 75.62% of accuracy
for KNN with k = 3. The results are presented in Ta-

Discussion

Papers giving too optimistic and non-reproducible results can be the source of a rejection of ML methods by
clinicians [7]. We reviewed three publications about AF
onset prediction. We reproduce the methods, but our results did not match those reported by the authors, with differences up to 20% in accuracy. In addition, some part
of the methodology remains undefined, and we did not receive answers when we contacted the authors. Researchers
are now proposing frameworks to help authors to include
all the required materials and method information to better reproduce their work [6]. We think that a good step
forward could be to open-source the code created by the
author to re-train the exact model.

5.

Conclusion

ML models need to be more detailed if the reported results must be reproducible. The use of larger databases is
mandatory for this type of prediction, as splits on a small
dataset can be the cause of results variation. Progress must
be made before the clinical adoption and use of algorithms
to predict paroxysmal AF onset.

6.

Code and data

The code and data are available in this repository:
https://github.com/cedricgilon/paf-challenge-reproducibility.
The data and labels are also available on the Physionet
website.

dataset train
train
train
train
train

dataset test
test
test
test
test

patient
AF
AF
AF+NSR
AF+NSR

# ECGs
50
50
108
108

norm.
no
yes
no
yes

accuracy(%)
50.0 (50.0-50.0)
44.64 (44.64-44.64)
72.0 (72.0-72.0)
70.0 (70.0-70.0)

sensitivity (%)
100.0 (100.0-100.0)
78.57 (78.57-78.57)
0.0 (0.0-0.0)
0.0 (0.0-0.0)

specificity (%)
0.0 (0.0-0.0)
10.71 (10.71-10.71)
100.0 (100.0-100.0)
97.22 (97.22-97.22)

Table 3: Results for SVM-30 model with C = 1000 and γ = 3, 6
dataset train
train
train
train
train

dataset test
test
test
test
test

patient
AF
AF
AF+NSR
AF+NSR

# ECGs
50
50
108
108

norm.
no
yes
no
yes

accuracy (%)
50.0 (50.0-50.0)
47.92 (47.58-48.26)
72.0 (72.0-72.0)
69.67 (69.46-69.87)

sensitivity (%)
100.0 (100.0-100.0)
59.28 (57.72-60.83)
0.0 (0.0-0.0)
5.81 (5.35-6.27)

specificity (%)
0.0 (0.0-0.0)
36.56 (34.8-38.32)
100.0 (100.0-100.0)
94.5 (94.06-94.95)

Table 4: Results for SVM-30 model with variable C and γ
dataset
train+test
train+test
train+test
train+test

windows
last
last
all
all

patient
AF
AF+NSR
AF
AF+NSR

# ECGs
106
200
106
200

CV
patients
patients
patients
patients

accuracy
53.17 (52.87-53.47)
72.33 (72.16-72.5)
62.84 (62.46-63.22)
74.45 (74.35-74.54)

sensitivity
56.89 (56.37-57.4)
10.06 (9.45-10.67)
61.33 (60.45-62.21)
17.95 (16.83-19.07)

specificity
50.91 (50.17-51.64)
94.79 (94.39-95.19)
64.39 (63.83-64.96)
94.82 (94.43-95.2)

Table 5: Results for SVM-5 model
dataset
train
train
train
train
train+test
train+test

patient
AF
AF
AF+NSR
AF+NSR
AF+NSR
AF+NSR

# ECGs
50
50
100
100
200
200

CV
patients
record
patients
records
patients
records

accuracy (%)
58.11 (58.11-58.11)
65.07 (65.01-65.13)
69.58 (69.53-69.64)
75.62 (75.58-75.65)
64.45 (64.41-64.48)
70.03 (70.01-70.06)

sensitivity (%)
60.61 (60.61-60.61)
65.12 (65.03-65.2)
33.34 (33.2-33.48)
40.8 (40.71-40.89)
28.31 (28.22-28.39)
32.65 (32.59-32.72)

specificity (%)
55.61 (55.61-55.61)
65.21 (65.13-65.28)
82.06 (82.0-82.11)
87.44 (87.4-87.47)
77.65 (77.6-77.69)
83.63 (83.6-83.66)

Table 6: Results for KNN model with k=3
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