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ABSTRACT

OBJECTIVES The purpose of this study was to determine whether incorporation of a 2-part artificial intelligence (Al)
filter can improve the positive predictive value (PPV) of implantable loop recorder (ILR)-detected atrial fibrillation (AF)
episodes.

BACKGROUND ILRs can detect AF. Devices transmit data daily. It is critical that the PPV of ILR-detected AF events be
high.

METHODS In total, 1,500 AF episodes were evaluated from patients with cryptogenic stroke or known AF who un-
derwent ILR implantation (Reveal LINQ, Medtronic, Minneapolis, Minnesota). Each episode was annotated as either a true
or false AF episode to determine the PPV. A 2-part Al-based filter (Cardiologs, Paris, France) was then employed using a
deep neural network (DNN) for AF detection. The impact of this DNN filter on the PPV was then assessed.

RESULTS The cohort included 425 patients (mean age 69 =+ 10 years; 62% men) with an ILR. After excluding 17 (1.1%)
uninterpretable electrocardiograms, 800 (53.9%) of the remaining 1,483 episodes were manually adjudicated to
represent an actual atrial arrhythmia. The PPV of ILR-detected AF episodes was 53.9% (95% confidence interval (Cl):
51.4% to 56.5%), which increased to 74.5% (95% Cl: 71.8% to 77.0%; p < 0.001) following use of the DNN filter. The
increase was greatest for AF episodes =30 min. The most common reason for a false-positive AF event was premature
atrial contractions. There was a negligible failure to identify true AF episodes.

CONCLUSIONS Despite currently available ILR programming options, designed to maximize PPV in a given population,
false-positive AF episodes remain common. An Al-based solution may significantly reduce the time and effort needed to
adjudicate these false-positive events. (J Am Coll Cardiol EP 2021;7:965-975) © 2021 by the American College of

Cardiology Foundation.

mplantable loop recorders (ILRs) are able to
continuously monitor a patient’s electrocardio-
gram (ECG) for several years; embedded algo-
rithms automatically detect episodes of bradycardia

(including pauses), tachycardia, and atrial fibrillation
(AF). With the advent of AF detection, ILRs have been
incorporated into the care of patients with suspected
(e.g., cryptogenic stroke) and known AF (1). The most
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ABBREVIATIONS
AND ACRONYMS

AF = atrial fibrillation

Al = artificial intelligence
DNN = deep neural network
ECG = electrocardiogram

ILR = implantable loop
recorder

PPV = positive predictive value

commonly used ILR worldwide is the Reveal
LINQ (Medtronic, Minneapolis, Minnesota).
The device is characterized by a significant
reduction in size, which has allowed stan-
dardization of the device implant procedure.

The device transmits data automatically
and wirelessly daily; this creates a deluge of
data requiring review by individual clinical
practices. Therefore, it is critical that the
positive predictive value (PPV) of ILR-

detected events (e.g., AF) be very high. Initially, the
device used irregularity and incoherence of R-R in-
tervals (analyzed in 2-min periods of time) to identify
and classify patterns in the ventricular contraction
suggestive of AF (2). Subsequently, information about
the P-wave (based on the presence of a single P-wave
and absence of atrial flutter waves or noise between
2 R waves) was incorporated into the algorithm; this
reduced the number of inappropriately detected AF

episodes (3,4). A final enhancement of the algorithm

was designed to sense the P-wave during periods of
R-R irregularity, as seen during marked sinus
arrhythmia and presence of atrial ectopy (5). None-
theless, clinicians continue to be burdened by the

need to adjudicate false-positive AF episodes, espe-
cially for shorter-duration episodes (6).

Artificial intelligence (AI), and more specifically,
deep neural networks (DNN), has recently emerged in
health care and has been applied to prevention, di-
agnostics, risk stratification, and treatment (7). DNNs
are algorithm architectures able to learn from large
amounts of data without explicit instruction or pre-
specified rules. Within cardiology, DNNs using input
from single-lead or 12-lead electrocardiograms (ECGs)
have already been demonstrated to improve the

detection of arrhythmias (8,9), identify patients with

left ventricular dysfunction (10), and predict patients
at risk for atrial fibrillation or death (11,12). To date,
these AI analyses have used recordings from ambu-
latory external ECG monitors or standard 12-lead

ECGs. To our knowledge, application of DNNs to
ECGs derived from ILR has not yet been reported. The
objective of this study, therefore, was to validate the
capacity of an Al-based ECG analysis solution to filter
out false-positive AF episodes detected by an ILR.

METHODS

STUDY DESIGN AND PATIENTS. This single-center
study evaluated patients implanted with a Medtronic
Reveal LINQ ILR; all patients had cryptogenic stroke or
known AF. All patients provided consent for the use of
their ILR data. Patients were followed prospectively;

data from the ILR is transmitted daily (when
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necessary, alert conditions were identified and
reviewed); a summary report is generated every
month. The study protocol was based on the retro-
spective analysis of those reports and was reviewed
and approved by the Western Institutional Review
Board.

DETECTION OF AF. The AF detection algorithm
within the Reveal LINQ device has previously been
described in detail (3,5). In brief, as an initial step, the
device looks for patterns of incoherence in a Lorenz
plot of difference in RR intervals to compute an AF
evidence score every 2 min. At the same time, a P-wave
evidence algorithm is used to generate a P-wave
evidence (P-Sense) score. Finally, a self-learning
algorithm that learns if a patient has evidence of
P waves during periods of RR irregularity (e.g.,
marked sinus arrhythmia or atrial ectopy) is used to
generate an adaptive P-sense score. The algorithm
further incorporates an “ectopy rejection” algorithm
that operates in either a “nominal” or “aggressive”
mode. The former is the default setting in patients
with known AF; the latter is the default setting in
patients with cryptogenic stroke and is designed to
make the algorithm more specific for detection of AF.
The AF, P-wave, and adaptive P-wave evidence scores
are used to generate a modified AF evidence score,
which is compared with a threshold that can be set to
4 different values (“more sensitive,” “balanced
sensitivity,” “less sensitive,” and “least sensitive”). In
our patient population, the default setting was
“balanced sensitivity.” This ultimately determines
whether the ILR will classify an episode as AF.

If an AF episode is detected, an ECG is stored for
the first 2 min of the episode. Daily, the ILR transmits
the following AF-related data—10-s ECG of the longest
episode of AF detected that day and 30 s of the ECG if
AF is the highest priority arrhythmia that day. A
manual transmission and the monthly summary
report allow access to the ECG data for all stored AF
episodes (Supplemental Figure 1). After deidentifying
all summary reports, we extracted from these reports
the following: the plot of successive R-R intervals
(which accompanies all AF events), duration of the
episode, detection parameters (sensitivity; ectopy
rejection setting), and ECG of the stored AF episode.

PATIENT COHORT SELECTION. We identified 3
distinct patient cohorts based on their indication for
ILR implantation: patients with cryptogenic stroke,
those with known AF undergoing monitoring for
medical management, and those who had under-
gone catheter ablation of AF. With each cohort,
consecutive patients were evaluated to identify 500
AF events, which resulted in a total AF sample of
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FIGURE 1 Episodes Adjudicated as AF by the Implantable Loop Recorder
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Shown in each panel is the interval plot of successive R-R intervals on the top and a 10-s tracing of the stored electrocardiogram (ECG) on the bottom. (A) Sinus rhythm
with onset of atrial fibrillation (AF). (B) Ongoing coarse AF or atypical atrial tachycardia. (C) Sinus rhythm with premature atrial contractions, leading to a false detection
of AF. (D) Sinus rhythm with premature ventricular contractions, leading to a false detection of AF. (E) Significant noise on the ECG tracing, leading to a false detection of
AF. (F) Probable T-wave oversensing, leading to a false detection of AF.

1,500 episodes; these represent the evaluation
dataset. The AF episodes were selected randomly to
minimize the likelihood that a single summary
report would contribute to many AF episodes. ECG
signals were extracted from the images in the
monthly ILR summary report, which presents data
as a PDF document. As previously discussed, all
stored ECGs ranged between 10 s to 2 min in
duration.

Each episode in the evaluation dataset was anno-
tated as either a true or false AF episode, if the ECG
was deemed interpretable. True AF episodes were
further classified as definitive or as AF/atrial flutter/
atrial tachycardia if the atrial arrhythmia appeared
organized. In this paper, AF refers to any episode of
an atrial tachyarrhythmia. False AF episodes were

assigned 1 of the following etiologies: presence of
premature atrial contractions, presence of premature
ventricular contractions, noise, or other (typically
due to either marked sinus arrhythmia or over-
sensing/undersensing) (Figure 1). The annotations
were performed by a certified ECG technician and the
consensus of 2 data scientists trained in ECG inter-
pretation. An experienced cardiac electrophysiologist
adjudicated any discrepancies.

DNN FILTER FOR AF DETECTION. The DNN filter
(Cardiologs, Paris, France) for AF detection consists of
2 parts: a QRS complex detector and an AF detector
(Figure 2). The QRS detector is a convolutional neural
network, which assimilates the entire ECG signal and
detects the onset of QRS complexes. The AF detector
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FIGURE 2 Deep Neural Network Filter for Detection of AF
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The atrial fibrillation (AF) detector makes predictions for the presence or absence of AF using 2 inputs simultaneously: the whole electro-
cardiogram (ECG) and the pre-QRS signals. The latter is an additional cue for the neural network to reject an episode as AF when P waves can be

is a second convolutional neural network that esti-
mates the presence or absence of AF every 10 s in a
given ECG signal. The AF detector takes into account
2 different inputs simultaneously: the whole ECG
signal and the signals in the 500-ms windows pre-
ceding all QRS onsets (termed the pre-QRS signals in
the following) as identified by the QRS detector. The
pre-QRS signals are an additional cue for the neural
network to use the signal preceding the QRS com-
plexes. Although no rule is explicitly implemented,
pre-QRS signals should help the neural network
exclude AF whenever P waves can be observed, even
in the presence of irregular rhythms such as prema-
ture atrial contractions or marked sinus arrhythmia.
Each ECG in the evaluation dataset was split into
nonoverlapping 10-s windows, and the AF detector
was applied on each strip. The ECG was predicted to

contain AF whenever AF was predicted in any such
window.

The QRS detector and the AF detector were
implemented in Keras, with a backend in Tensorflow
(Google, Mountainview, California). The AF detector
is composed of 2 branches: the general branch, with
input of the whole ECG signal, and the pre-QRS
branch, with input of the concatenated list of pre-
QRS signals. These pre-QRS signals are stored in a 2-
dimensional array, which is created outside of neu-
ral networks using the QRS onsets detected by the
QRS detector. The general branch is a convolutional
neural network with 17 residual blocks. The pre-QRS
branch is also a convolutional neural network, with
5 convolution layers. Finally, the outputs of the 2
branches are concatenated, and passed to 2 fully
connected layers followed by a sigmoid nonlinearity.
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To achieve high accuracy, convolutional neural
networks first need to be trained on a large number of
examples. During the training process, the algorithm
outputs a diagnostic from a given ECG, which is then
compared to the rhythm adjudication of an ECG
expert. The parameters of the algorithm are then
altered as necessary to reduce any differences with
the annotation. This operation is repeated many
times for all ECGs in the training set. Both neural
networks were trained using a dataset of more than 1
million ECGs from a private anonymized dataset,
which had previously been adjudicated by experts in
ECG interpretation, such as physicians or ECG tech-
nicians. The training dataset contained both resting
(95.9%) and Holter (4.1%, including single-lead
[17.5%], 2-lead [64.8%], and 3-lead [17.7%] Holters)
ECG recordings. The AF detector was then fine-tuned
(i.e., trained for a short amount of time) to detect the
presence or absence of AF on a limited dataset of 822
ILR ECGs. All ILR ECGs used in the training of the
algorithm came from patients not included in any of
the cohorts reported here. The neural network ar-
chitecture used in this study requires that all ECG
recordings used for training or evaluation present
with the same structure (i.e., the same number of
leads). We thus transformed all single-lead ILR ECGs
into a 12-lead ECG by replacing missing leads with
“zeros,” mimicking a flat ECG lead. All ECGs used for
training and evaluation were pre-processed using
wavelet filtering before analysis by the DNNs. No
patients in the evaluation dataset were included in
the training process.

PERFORMANCE ANALYSIS OF THE DNN FILTER FOR
AF DETECTION. The principal aim of this study was
to measure the ability of the DNN filter to discrimi-
nate between true positive (TP) and false positive (FP)
AF episodes detected by the ILR. Diagnostic results
from the DNN filter were compared with those from
the ILR using the expert annotation of the ECGs as the
“ground truth.” We computed the PPV for both the
ILR and DNN filter, defined as the proportion of epi-
sodes detected as positive that were true positives.
The specificity was defined as the proportion of FP
relayed from the patients’ ILR that were discarded by
the DNN filter and was calculated as: true negatives
(TNs) detected by the DNN filter/FP arising from the
ILR. Finally, the relative sensitivity of the DNN filter
was defined as the proportion of TP detected by the
patient’s ILR that were correctly identified and was
calculated as: TP detected by the DNN filter/TP
detected by the ILR.

STATISTICAL ANALYSIS. Continuous data are pre-
sented as mean + SD. All categorical data are
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TABLE 1 Description of the Study Cohort

evaluation dataset

Cryptogenic AF
Indication for Implantable Stroke Known AF  Ablation Total
Loop Recorder (n =150) (n = 200) (n =75) (N = 425)
Age, yrs 70+ 1 69 +10 69 + 8 69 +10
Male 92 (61) 119 (60) 53 (71) 264 (62)
“Summary reports” 1,541 200 423 2,164
AF events with stored ECG 1,952 636 1,264 3,852
Number of AF events 1.3 3.2 3.0
(per-patient/per-
month)
AF events annotated for 500 500 500 1,500

Values are mean =+ SD, n (%), or n.
AF = atrial fibrillation; ECG = electrocardiogram.

presented as proportions. All 95% confidence in-
tervals (CIs) were computed using Wilson score in-
tervals. Differences of predictive positive values
between ILR and DNN filter detected AF (unpaired
data) and between the DNN filter sensitivity and false
positive rate (unpaired data) were tested with 2-sided
proportion Z tests. A value of p < 0.05 was considered
to be statistically significant.

RESULTS

Our study cohort included 425 patients (mean age 69
+ 10 years; 62% men) with an ILR (Table 1). This
included patients with cryptogenic stroke (n = 150),
patients undergoing ECG monitoring for AF manage-
ment (n = 200), and those having undergone AF
ablation (n = 75). From each of these 3 cohorts,
available for annotation were 1,952, 636, and 1,264 AF
episodes with a stored ECG retrieved from 1,541, 200,
and 423 monthly summary reports, respectively.
These represent 1.3, 3.2, and 3.0 AF episodes per-
patient per-month, respectively, and constitute a
significant burden for event adjudication. For each of
the 3 cohorts, 500 AF episodes (1,500 episodes total)
were chosen randomly for the evaluation dataset. No
other clinical information could be ascertained from
this deidentified dataset.

The 1,500 stored ECGs were manually adjudicated
and characterized as a TP AF event, FP event, or un-
interpretable (Table 2). We characterized all AF events
as either definitive AF-only or as AF/atrial flutter/
atrial tachycardia if the atrial arrhythmia appeared
organized; however, for the purpose of this paper, an
AF episode was considered present when either
rhythm classification was present. After excluding 17
(1.1%) ECGs as being uninterpretable, 800 (53.9%) of
the remaining 1,483 episodes were manually adjudi-
cated to represent an actual atrial arrhythmia. The
PPV of ILR-detected AF episodes was 53.9% (95% CI:

969
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TABLE 2 Manual Adjudication of Atrial Fibrillation Events Stored by the
Implantable Loop Recorder
ILR Device Cryptogenic Stroke Known AF AF Ablation Total
Total AF episodes 500 500 500 1,500
Uninterpretable episodes 9 4 4 17 (1.1)
Interpretable episodes 491 496 496 1,483
True AF 161 295 344 800 (53.9)
Clear AF 148 243 267 658
AF/AFL/AT 13 52 77 142
False AF 330 201 152 683 (46.1)
PAC 154 16 e 386
PVC 74 50 13 137
Noise 31 n 9 51
Other vl 24 14 109
Values are n or n (%).
AF = atrial fibrillation; AFL = atrial flutter; AT = atrial tachycardia; ILR = implantable loop
recorder; PAC = premature atrial contraction; PVC = premature ventricular contraction.

51.4% to 56.5%). This differed based on the popula-
tion being monitored. For patients with cryptogenic
stroke, the PPV was 32.8% (95% CI: 28.8% to 37.1%);
for patients with known AF, the PPV was 59.5%
(95% CI: 55.1% to 63.7%); and for patients having
undergone ablation, the PPV was 69.4 (95% CI: 65.2%
to 73.2%) (Table 3).

Incorporation of the DNN filter significantly low-
ered the rate of FP AF detections without a mean-
ingful compromise in the loss of true positive
episodes (Figure 3). Overall, 792 of 800 AF episodes
are still detected as an actual atrial arrhythmia by the
DNN filter. After incorporation of the DNN filter, the
PPV of ILR detected AF episodes significantly

increased to 74.5%

(95% CI:

71.8%

to 77.0%;

Cryptogenic

TABLE 3 Adjudication of Atrial Fibrillation Events Stored by the Implantable Loop
Recorder After Incorporation of the Deep Neural Network Filter

Positive predictive value, %
DNN-based adjudication
True positive episodes
False positive episodes
True negative episodes
False negative episodes
Positive predictive value, %*
Negative predictive value, %
Relative sensitivity, %
Specificity, %

32.8 (28.8-37.1)

158

m

219

3

58.7 (52.8-64.5)
98.6 (96.1-99.5)
98.1 (94.7-99.4)
66.4 (61.1-71.2)

59.5 (55.1-63.7)

292

68

133

3

81.1 (76.8-84.8)
97.8 (93.7-99.2)
99.0 (97.0-99.6)
66.2 (59.4-72.4)

Stroke Known AF AF Ablation
ILR adjudicated interpretable 491 496 496
AF events
True positive episodes 161 295 344
False positive episodes 330 201 152

69.4 (65.2-73.2)

342

92

60

2
78.8 (74.7-82.4)
96.8 (89.0-99.1)
99.4 (97.9-99.8)
39.5 (32.0-47.4)

DNN filter.

Values are n or 95% Cl. *p < 0.001 for increase in positive predictive value of all 3 cohorts after application of

AF = atrial fibrillation; DNN = deep neural network; Cl = confidence interval; ILR = implantable loop recorder.
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p < 0.001) (Figure 4). For the cryptogenic stroke
cohort, the number of FP AF episodes decreased by
66.4% (95% CI: 61.1% to 71.2%) with a loss of only
1.9% (95% CI: 0.6% to 5.3%) of TP episodes. For the
patients with known AF, the number of FP AF epi-
sodes decreased by 66.2% (95% CI: 59.4% to 72.4%)
with a loss of only 1.0% (95% CI: 0.4% to 2.9%) of TP
episodes. Finally, for patients with AF ablation, the
number of FP AF episodes decreased by 39.5%
(95% CI: 32.0% to 47.4%) with a loss of only 0.6%
(95% CI: 0.2% to 2.1%) of TP episodes. The PPV of ILR-
detected AF episodes increased significantly when
the DNN filter was applied. For patients with crypto-
genic stroke, the PPV increased to 58.7% (95% CI:
52.8% to 64.5%); for patients with known AF, the PPV
increased to 81.1% (95% CI: 76.8% to 84.8%); and for
patients having wundergone ablation, the PPV
increased to 78.8% (95% CI: 74.7% to 82.4%) (Table 3,
see Supplemental Figure 4 for ROC curves). Although
this was observed for all durations of AF, the magni-
tude of increase was greatest for AF episodes =30 min
in duration (Figures 3 and 4, Supplemental Table 1).

We sought to understand the etiology of ILR-
detected false AF episodes (Table 4). For each
cohort, the most common reason for an FP AF event
was the presence of premature atrial contractions
(56.5% FP AF events). Irrespective of the etiology of
the FP AF episodes, the DNN filter decreased the rate
of FP episodes from 51.0% (for premature atrial con-
tractions) to 77.1% (for marked sinus arrhythmia
and/or oversensing/undersensing).

The ectopy rejection setting of the ILR can be
reprogrammed from nominal to aggressive to manage
FP AF detections due to frequent ectopy or marked
sinus arrhythmia. We sought to compare the impact
of the DNN filter in patients in whom the ILR’s ectopy
rejection setting was programmed to a nominal mode
and aggressive mode (Supplemental Table 2). As a
reminder, for patients with cryptogenic stroke, the
default setting is “aggressive”; in contrast, in patients
with known AF, the default setting is “nominal.” The
impact on FP AF detections with the DNN based filter
was greater in patients whose ILR was operating in an
aggressive mode (66.8% decrease in FP, 95% CI: 61.5%
to 71.6%) compared with patients in nominal mode
(55.3% decrease in FP, 95% CI: 50.1% to 60.5%). The
DNN filter performed better in decreasing FP on short
episodes in both aggressive and nominal mode
(Supplemental Table 3)

The concern with any strategy designed to
decrease the FP AF detection rate is a desire to
minimize the loss of TP episodes. In this study, we
identified 8 such episodes, ranging from 2 to 226 min
(median 11 min; interquartile range: 2 to 32 min)
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FIGURE 3 Performance of the DNN Filter for Detection of AF in 3 Distinct Patient Cohorts
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Shown are the numbers of true positive (TP) (blue) and false positive (FP) AF events (green) with and without use of the deep neural network (DNN) filter. The DNN filter
markedly decreased the rate of FP events in each cohort, with a negligible loss of TP events.

(Supplemental Table 4). Fortunately, in 4 patients,
additional true AF episodes had been identified dur-
ing the same month. In the remaining 4 patients, the
duration of the TP AF episode that was filtered out by
the DNN algorithm ranged from only 2 to 12 min
(Supplemental Figure 2).

DISCUSSION

The principal findings of this study are that: 1) the
PPV of ILR detected AF is low in both patients
implanted with a Reveal LINQ for suspected (e.g.,
cryptogenic stroke) or known AF, especially for
episodes =30 min in duration; 2) the most common
causes for the false detections are atrial and ventric-
ular ectopy; 3) currently available programming op-
tions within the ILR do not adequately prevent the
occurrence of these false-positive episodes; and 4)
application of an DNN filter reduced by up to two-
thirds these false episodes with only a trivial reduc-
tion in loss of true-positive AF episodes.

The DNN filter presented here is too computa-
tionally demanding to be currently embedded within
the ILR itself. However, the availability of this filter
could allow the ILRs to be programmed to their most
sensitive setting, allowing more ECGs to be made
available to the filter for adjudication. Routine
application of such an Al-based solution has the
ability to significantly affect clinical practice by
reducing the time and effort needed to adjudicate
false-positive AF events. We can conceptualize 3
distinct use case scenarios for this DNN filter in the
management of ILR patients. The DNN filter could be

applied directly to the digital ECGs received by the
manufacturer’s online platform. Alternatively, it
could be applied to the PDF reports on either the
manufacturer’s online platform or one of a third-
party vendor (Supplemental Figure 3).

PRIOR STUDIES. In patients with suspected or known
AF, the ILR provides long-term ECG monitoring and
thus is an invaluable tool for the diagnosis and
management of AF. Current devices are fully wireless
and transmit data automatically on a daily basis.
However, the consequence of using this more exten-
sive ECG monitoring strategy is a huge increase in
digitized medical data being transferred, which thus
requires efficient approaches for review. The ILR used
in this study was found to produce a considerable
proportion of false positives, which represents an
important workload in the clinical setting as these
episodes require further human verification for
reaching an appropriate diagnosis.

The AF detection algorithm primarily relies on
assessment of R-R intervals and tries to distinguish
between regular and irregular rhythms over 2-min
epochs. The PPV of an episode detected as AF is
dependent on the AF incidence rate in the population
being monitored, the programmed sensitivity of the
AF algorithm, and the duration of detected AF epi-
sodes (6). It has previously been shown that the PPV
is high across all patient populations when the AF
duration is >1 h. To improve the performance of the
ILR for shorter episodes, a number of enhancements
to the detection algorithm have been made over the
years (5). However, recent data continue to show a
substantial rate of FP detections during monitoring
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FIGURE 4 Performance of the DNN Filter for Detection of AF for the Entire Population and for Each Group of Episode Duration
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Entire population (left) and each group of episode duration (right). Application of the deep neural network (DNN) filter significantly increased
the positive predictive value of episodes detected as atrial fibrillation (AF) by the implantable loop recorder (ILR), irrespective of the episode

every month (13). Given the >3-year battery longevity
of the ILR, adjudication of these FP episodes requires
considerable time and effort to prevent misdiagnosis
and inappropriate clinical management. Thus, alter-
native  approaches are needed and merit
consideration.

USE OF Al TO IMPROVE ILR PERFORMANCE. Al may
be ideally suited to this task. The vast number of
alarms produced by ILRs, requiring daily adjudication
by ECG technicians and physicians, represents an
ideal use case for the utility of AI. DNNs typically get
more precise as the number of examples used for
training them increases. In a clinical setting where
the DNN filter could get feedback from expert adju-
dications (e.g., for cases where it is not confident), the
precision of the DNN filter could keep improving over
time. The DNN filter presented here was mostly
trained using data from 12-lead ECGs and Holter

TABLE 4 Etiology of False Positive Episodes of Atrial Fibrillation: Impact of the Deep
Neural Network Filter

Etiology of ILR-Based  Proportion of DNN AF Decrease in
False Positive AF Episode False Positive  Episode FP Rate, %
AF Episodes Count Episodes Count (95% Cl)
Premature atrial contraction 386 56.5 189 51.0 (46.1-56.0)
Premature ventricular contraction 137 20.1 38 72.3 (64.2-79.1)
Noise 51 7.5 19 62.7 (49.0-74.7)
Other* 109 16.0 25 77.1 (68.3-84.0)

Values are n %. *Marked sinus arrhythmia and/or under/oversensing.
AF = atrial fibrillation; FP = false positive.

monitoring. Because DNNs are sensitive to fine de-
tails of the signal (14), it is expected that training the
DNN filter with more ECGs acquired from an ILR
would improve its performance. Further training the
DNN filter to explicitly discriminate between the
different etiologies for false-positive AF detections
(e.g., sinus arrhythmia, atrial or ventricular ectopy)
should also help better discriminate these from true
AF episodes. Although not used by the current DNN,
the Al could also be further enhanced in the future by
using the R-R interval plots and/or the patient history
as additional inputs.

Our Al approach incorporates a new DNN archi-
tecture that does a multi-scale analysis. It looks at the
entire ECG on one side and at the same time details
contained within the ECG (e.g., absence or presence
of P waves) on the other side. Multiple DNNs have
been proposed to detect the absence or presence of
AF, taking as input the whole signal on either a
single-lead ECG (8,15) or multiple-lead ECGs (9,11).
The selection of specific parts of the signal with a
subsequent analysis by a neural network (termed
“Region of Interest”) has also proven successful in
ECG analysis for detection of ectopic beats (16,17) and
arrhythmia (18). To the best of our knowledge, such a
neural network analyzing simultaneously the whole
ECG along with the pre-QRS signals has not yet been
reported. This approach is similar to the way physi-
cians interpret ECGs, looking at the overall ECG while
searching for similar patterns preceding QRS, which
can suggest P waves even when these are subtle. It is



JACC: CLINICAL ELECTROPHYSIOLOGY VOL. 7, NO. 8, 2021 Mittal et al. 973

AUGUST 2021:965-975 An Al Filter Improves the PPV of AF Detection by an ILR

CENTRAL ILLUSTRATION Clinical Impact of Incorporating an Al-Based Filter Using a DNN in Patients
With Atrial Fibrillation and an Implantable Loop Recorder
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Current workflow consists of the patient's implantable loop recorder automatically transmitting electrocardiographic (ECG) data daily using Bluetooth and Wi-Fi
to an online platform. The ECGs are stored in PDF format and the data are available to a device technician and/or physician for review of the transmitted ECGs. In
this study, the ECG data were extracted from the PDF report and passed through an artificial intelligence (Al) based filter using deep neural networks (DNN). By
eliminating up to 66% of all false-positive detections of atrial fibrillation, the deep neural network filter could reduce the work required by the device technician
and/or physician to adjudicate acquired ECG information.
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particularly effective in rejecting common causes of
false-positive AF episodes, such as atrial and ven-
tricular ectopy, marked sinus arrhythmia, under-
sensing or oversensing, and noise. Each of these
contributes to the presence of an irregular rhythm
and cannot be reliably filtered by the algorithms
within the ILR. The better analysis of pre-QRS signals
can partly be explained by the fact that DNNs do not
rely on a small number of handwritten rules. They
therefore have more flexibility to detect atypical or
subtle ECG patterns, whereas handwritten rules can
only account for a finite number of exceptions (19).
Ideally, no true AF episodes would be filtered out by
the DNN filter. In our study, 8 (1%) of 800 true AF epi-
sodes were “missed.” Although in one-half of these pa-
tients, AF was recognized the same month, in the other
half, AF was missed altogether. Fortunately, the dura-
tion of AF in these 4 patients ranged only from 2 to
12 min. Although there are no conclusive data to suggest
that anticoagulation materially affects patients with
such a short duration of AF, the clinical significance of
filtering out these episodes remains undefined.

STUDY LIMITATIONS. First, all patients
implanted with the same ILR from a single manufac-

were

turer. These findings cannot necessarily be general-
ized to other models and future generation of this
device. Establishing the “ground truth” often requires
making a definitive adjudication from a very short-
duration ECG strip. This can often be challenging,
especially considering that the ILR only provides a
single-channel ECG recording. We trained the DNN
filter with a limited number of ILR-based ECG trac-
ings. Training using a larger dataset may further
improve the performance of the DNN filter. Finally, in
this study, ECG data was extracted from PDF reports,
which subjects that data to loss of resolution and
increased distortion. The ideal use case scenario
would involve the DNN filter on the ECG signal itself,
before it is transitioned to a PDF format.

CONCLUSIONS

Remote data management represents a rapid growing
area of focus within cardiology. Devices such as ILRs
have the ability to enhance our care of patients with
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AF; however, they create a wealth of ECG data.
Despite iterative advances in hardware and software
design, a high burden of false-positive events remains
an unresolved clinical concern. We demonstrate a
concrete clinical utility of a DNN filter to solve this
unmet need. By filtering up to 66% of all false-positive
AF events, clinicians can be unburdened by the time
needed to adjudicate these events and turn their focus
on the most actionable device-detected events
(Central Illustration).
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PERSPECTIVES

COMPETENCY IN MEDICAL KNOWLEDGE 1: The
PPV for an episode of AF detected by a widely used
ILR was only 54%. The PPV varies with the duration of
AF episode, the population being monitored, and the
programmed settings on the ILR.

COMPETENCY IN MEDICAL KNOWLEDGE 2:
False-positive AF episodes are most commonly the
result of frequent premature atrial and ventricular
contractions, marked sinus arrhythmia, undersensing
or oversensing, and a noisy ECG signal. Thus, it is
critical that stored ECGs be properly adjudicated to
guide clinical decision making.

TRANSLATIONAL OUTLOOK: Routine application
of an Al-based solution has the ability to significantly
affect practice by reducing the time and effort needed
to adjudicate false-positive AF ILR events.
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