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BACKGROUND: Holter analysis requires significant clinical resources to achieve a high- quality diagnosis. This study sought to 
assess whether an artificial intelligence (AI)- based Holter analysis platform using deep neural networks is noninferior to a con-
ventional one used in clinical routine in detecting a major rhythm abnormality.

METHODS AND RESULTS: A total of 1000 Holter (24- hour) recordings were collected from 3 tertiary hospitals. Recordings were 
independently analyzed by cardiologists for the AI- based platform and by electrophysiologists as part of clinical practice for 
the conventional platform. For each Holter, diagnostic performance was evaluated and compared through the analysis of the 
presence or absence of 5 predefined cardiac abnormalities: pauses, ventricular tachycardia, atrial fibrillation/flutter/tachy-
cardia, high- grade atrioventricular block, and high burden of premature ventricular complex (>10%). Analysis duration was 
monitored. The deep neural network– based platform was noninferior to the conventional one in its ability to detect a major 
rhythm abnormality. There were no statistically significant differences between AI- based and classical platforms regarding 
the sensitivity and specificity to detect the predefined abnormalities except for atrial fibrillation and ventricular tachycardia 
(atrial fibrillation, 0.98 versus 0.91 and 0.98 versus 1.00; pause, 0.95 versus 1.00 and 1.00 versus 1. 00; premature ventricular 
contractions, 0.96 versus 0.87 and 1.00 versus 1.00; ventricular tachycardia, 0.97 versus 0.68 and 0.99 versus 1.00; atrioven-
tricular block, 0.93 versus 0.57 and 0.99 versus 1.00). The AI- based analysis was >25% faster than the conventional one (4.4 
versus 6.0 minutes; P<0.001).

CONCLUSIONS: These preliminary findings suggest that an AI- based strategy for the analysis of Holter recordings is faster and 
at least as accurate as a conventional analysis by electrophysiologists.
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ECG Holter monitoring is a common tool used 
for the detection and characterization of cardiac 
rhythm abnormalities.1 The conventional tech-

niques used to analyze Holter recordings are based on 
signal processing and feature extraction (P wave, QRS 
complexes, RR intervals, etc), which allows classifica-
tion of rhythms and diagnosis of abnormalities using 
predefined rules and feature analysis.2

Deep neural networks (DNNs) are an emerging di-
agnostic tool in cardiology.3 They have recently been 

applied to ECG analysis, having demonstrated promis-
ing results on rhythm classification accuracy in Holter 
ECGs.4,5 However, the performance of DNNs for Holter 
analysis in routine clinical practice has not been stud-
ied yet. Before adopting a new diagnostic procedure, 
it is essentially important to assess whether the diag-
nostic accuracy of the new procedure is noninferior 
to that of the standard procedure.6 In this study, we 
compared the Cardiologs Holter analysis platform 
(version 2.1.19; Cardiologs, Paris, France), a Food and 
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Drug Administration cleared and CE marked DNN- 
based platform, with a conventional platform (Sorin 
Synescope, version 3.10, ElaMedical) in their ability to 
identify major rhythm abnormalities and in their perfor-
mance indicators.

METHODS
The data supporting the findings of this study may be 
made available from the corresponding author on rea-
sonable request. This multicentric comparative study 
aimed principally to demonstrate the noninferiority of 
a DNN- based Holter analysis solution compared with 
a conventional ambulatory ECG analysis platform in 
correctly detecting 5 major rhythm abnormalities. It 
secondarily aimed at comparing all performance indi-
cators for both diagnosis procedures. This study was 
approved by the local ethics committee, and subjects 
gave informed consent.

A total of 1000 consecutive 24- hour Holter record-
ings performed in adults from January to December 
2018 were collected in 3 tertiary care hospitals in the 
Paris area. Those recordings were collected from 
unselected routine patients seen in the ambulatory 
monitoring lab of the 3 hospitals and are therefore rep-
resentative, in terms of arrhythmia prevalence, of the 
population on which Holter recordings are usually per-
formed. When patients had >1 recording performed, 
only the first one was included. Holters of patients 
implanted with a pacemaker or a defibrillator were 
excluded. All recordings were performed using a 3- 
lead Holter device (Spiderview, MicroPort, Shanghai, 
China), with a sampling rate of 200 Hz.

DNN- Based Platform Workflow
The Cardiologs Holter analysis platform is a 

cloud- based and DNN- based platform (Figure  1A). 
Compared with a conventional ECG analysis platform, 
the cloud- based access allows frequent automatic 
updates and access from any computer connected 
to the Internet, where multiple users can collaborate. 
This DNN- based platform is also a vendor- neutral 
solution, compatible with various recording formats, 
allowing use of a single software for various Holters 
or patches. As described in Figure 1, Holters are up-
loaded through a secured/encrypted connection, and 
ECGs are analyzed automatically. ECGs are first pre-
processed using wavelet filtering to remove baseline 
wander and high- frequency artifacts. Then, DNNs 
perform beat detection and rhythm classification. The 
physician can then review the Holter using an online 
platform (Figure 1B), with access to the signal, a rep-
resentation of the heart rate over time, and a list of 
episodes proposed by the DNN interpretation that he 
or she can modify if needed.

Deep Neural Network
The platform uses 2 different neural networks, one 
for wave detection and one dedicated to rhythm 
classification. The wave detector is a DNN with a U- 
net architecture7 with 800 000 parameters, consist-
ing of 11 convolutional layers and 6 residual blocks, 
similar to the wave detector described in a previous 
study.8 This network uses the ECG signal as input 
and outputs the onsets and offsets of P waves, QRS 
complexes, and T waves. The rhythm classifier is a 
DNN with a visual geometry group- like architecture9 
consisting of 4M parameters and 16 layers: 13 con-
volutional layers followed by 3 fully connected layers, 
similar to the DNN used in previous studies.5,10 The 
rhythm predictor outputs the presence of multiple la-
bels (sinus rhythm, atrial fibrillation [AF] or atrial flutter, 
other supraventricular tachycardia, atrioventricular 
block, ventricular tachycardia, noise) for every 10 
seconds of the recording. Both neural networks were 
trained and validated using a data set of >1  million 
ECGs from a private anonymized data set, which had 
previously been adjudicated by physicians or certi-
fied ECG technicians. Training was achieved using 
stochastic gradient descent, early stopping, and 
dropout11 to avoid overfitting. The neural networks 
were implemented using the Keras framework with 
a Tensorflow back end (Google; Mountain View, CA) 
on K- 80 (Nvidia, Santa Clara, CA) graphics process-
ing units.

Holter Annotation
Holters were analyzed by experienced electrophysiolo-
gists with the conventional platform as part of normal 
clinical practice. The second analysis with the DNN- 
based platform was performed by a second group 
of less experienced cardiologists (<5 years of experi-
ence after training), who were blinded to the results of 
the first analysis. Analysis time was recorded by each 
physician in both cases. The presence or absence 
of 5 prespecified arrhythmias was analyzed: pauses 
(≥2.5 seconds), AF, flutter, or tachycardia, combined 
into a same category12 (AF, ≥30 seconds), ventricu-
lar tachycardia (≥4) beats with at least 1 RR interval 
(<500 milliseconds), premature ventricular contractions 
with a burden ≥10%, and second- degree Mobitz II or 
third- degree atrioventricular block.

The ability to diagnose these 5 prespecified ar-
rhythmias was assessed for each platform. The large 
number (1000) and relatively long duration (≥24 hours) 
of Holter recordings hindered expert electrophysi-
ologists from reviewing the entire recording signal 
by hand, independently of any platform, in a timely 
manner. The reference diagnostic (ground truth) was 
therefore determined using the interpretation of both 
platforms. In case of discrepancy on any prespecified 

D
ow

nloaded from
 http://ahajournals.org by on Septem

ber 16, 2022



J Am Heart Assoc. 2022;11:e026196. DOI: 10.1161/JAHA.122.026196 3

Fiorina et al DNNs for Ambulatory ECG Analysis

arrhythmia between both platforms, an expert electro-
physiologist reviewed both analyses and adjudicated 
the rhythm. Because both platforms can miss abnor-
malities, only a combination of the two can be used to 
evaluate the quality of the analysis in a way fair to both 
platforms. While there is still a possibility for an abnor-
mality to be missed by both platforms, thus resulting in 
an overestimation of the sensitivity of the platform, this 
method allows for a rigorous estimation of the differ-
ences of errors. In addition, 5% of randomly selected 
Holters without discrepancies were fully verified by 

one electrophysiologist who had the Holter analyses of 
both platforms available.

Statistical Analysis
Quantitative variables were described by median (first, 
third quartiles), minimum and maximum because of 
the non- Gaussian distributions. Categorical variables 
were described by number and percentage. The AI- 
based method would be considered noninferior to the 
classical one for detection of major rhythm abnormali-
ties if the lower bound of the one- sided 97.5% CI of the 

Figure 1. Study workflow and DNN platform overview. (A) Overview of the study workflow. (B) Screenshot of the DNN- based 
platform where arrhythmia categories, heart rhythm plot, and full ECG are used by the physician to validate the analysis.
AI indicates artificial intelligence; and EP indicates electrophysiologist.
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difference between the detection rate of the 2 strate-
gies was less than the noninferiority margin, which was 
set at 10%. Sensitivity, specificity, positive predictive 
value and negative predictive value for each major ar-
rhythmia type with nonparametric 95% CI were also 
reported for both strategies and compared. The time 
needed for the analysis was compared between both 
platforms using a paired Student t- test. All compara-
tive tests were 2- sided with a significance level of 5%. 
Analyses were performed with SAS software (SAS 
Institute Inc, Cary, NC).

RESULTS
The defined major arrhythmias were present in 22.2% 
of the cases (Figure 2A).

The DNN- based platform was noninferior to the 
conventional one in its ability to detect a major rhythm 
abnormality (95.6% of cases versus 95.6% difference 
CI, [−2.1% to 2.1%]). The sensitivities and specificities 
(Figure 2B and 2C) for the detection of each rhythm 
abnormality were not different for most rhythm distur-
bances. However, the DNN- based platform had higher 
sensitivity for detecting AF (98% [96– 100] versus 91% 
[85– 96]; P=0.01) and ventricular tachycardia (97% [89– 
100] versus 68% [55– 79]; P<0.001), while the classical 
analysis had slightly higher specificity for AF detection 
although of limited clinical relevance (100% [99– 100] 
versus 98% [97– 99]; P=0.001).

We compared the duration required to complete the 
analysis by the reading physicians, which was available 
for both platforms for 461 recordings. The median anal-
ysis time was significantly shorter with the DNN- based 

platform compared with the standard platform with 
a 26.6% reduction: 4.4 minutes (interquartile range, 
2.9– 6.7 minutes) versus 6.0 minutes (5.0– 10.0 minutes, 
P<0.001) (Figure 3).

DISCUSSION
To the best of our knowledge, this is the largest study 
evaluating the performance of a DNN- based platform 

Figure 2. Arrhythmia distribution in the dataset and detection performance of the AI- based and the conventional analysis 
platforms (A) Arrhythmia prevalence and (B) platform sensitivity and (C) specificity.
Error bars correspond to 95% CI. AF indicates atrial fibrillation; AVB, atrioventricular block; PVC, >10% of premature ventricular 
contraction; and VT, ventricular tachycardia.

Figure 3. Analysis time.
AI indicates artificial intelligence.
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for Holter analysis. We found that the DNN- based plat-
form was noninferior to the classical strategy in terms 
of overall diagnostic sensitivity and specificity, with the 
analysis duration being significantly shorter by 27% 
on average. The higher ventricular tachycardia and AF 
sensitivities of the DNN- based platform were mostly 
attributable to premature ventricular contraction quad-
ruplets and short episodes of AF being missed by the 
classical strategy. The lower specificity of DNN for AF 
was mostly attributable to rare episodes of sinus tach-
ycardia being misclassified as AF by the DNN- based 
platform. Importantly, there were no more significant 
false negatives compared with the classical strategy.

One of the key advantages with DNN is that its per-
formance typically improves with increasing number of 
recordings analyzed; hence, accuracy is likely to im-
prove in the future, with a subsequent reduction in time 
needed for manual overread. This is important, as the 
considerable time needed for analyzing Holters is still a 
concern and represents a significant burden on limited 
clinical staff, potentially delaying important results and 
limiting the wider adoption of this test, especially for 
stroke prevention.13

Previous studies have shown superiority of DNN 
over standard algorithms for 12- lead ECG analysis in 
specific arrhythmias such as AF5 or in contexts such 
as the emergency department.10 In their study, Hannun 
et al5 showed impressive superiority of AI compared 
with a panel of cardiologists.

With regard to the actual use of AI in medical tech-
nologies, patients and physicians could be apprehen-
sive about a partly automated tool that could make 
errors and the risk– benefit balance is an important 
consideration.14 Patients’ confidence in AI use also 
depends on the extent of human control over it. Our 
study suggests that this new tool, with human over-
sight, performs well without increasing error rate. 
Progressively expanding use of AI and accumulating 
data will enhance patient and physician confidence for 
incorporating AI in clinical practice. Overall, DNN is a 
quickly evolving and promising technology that should 
enable improved outcomes for patient diagnosis and 
care in the near future. Improved algorithms should 
allow for even more accurate automated diagnosis and 
even lower overread time.

A limitation of our study is that all readers were 
specialized cardiologists and it is possible that re-
sults may differ with other readers (general cardiolo-
gist, physician, ECG technician) or longer recordings 
(reader fatigue). Another limitation was related to the 
experience of the physicians, which was different in the 
group using each platform. Cardiologists overreading 
the DNN- based platform received only a 1- day train-
ing on this platform and were less experienced than 
the group of electrophysiologists who performed the 
overreading of the conventional platform analysis, with 

which they were familiar. This might overestimate the 
standard platform performance and underestimate the 
analysis time reduction observed with the DNN- based 
platform compared with prior studies.15 However, the 
fact that the DNN- based platform performed at least 
as well as the standard approach despite less expe-
rienced cardiologists strengthens its validity. Finally, 
different results might be observed with a more recent 
version of the DNN- based platform than the one used 
in the study (released in 2019).

In conclusion, our findings demonstrate that the 
use of a deep learning approach can help classify a 
broad range of distinct arrhythmias from ambulatory 
ECGs with high diagnostic performance. DNN- based 
platforms hold promise to provide accurate, time- 
efficient, and, ideally, fully automated Holter analysis in 
the future.

ARTICLE INFORMATION
Received March 21, 2022; accepted July 21, 2022.

Affiliations
Ramsay Santé, Institut Cardiovasculaire Paris Sud, Hôpital privé Jacques 
Cartier, Massy, France (L.F., V.M., F.S.); AP- HP, La Pitié Salpêtrière 
University Hospital, Cardiology Department, Paris, France (C.M., P.S.); 
Cardiologs® Technologies, Paris, France (C.G., J.L., C.H., A.P.); Université 
de Paris, PARCC, INSERM, Paris, France (K.N., E.M.); Medicover Hospitals, 
Hyderabad, India (K.N.); Assistance Publique- Hôpitaux de Paris, Unit of 
Clinical Epidemiology, Robert Debré children’s hospital, University of Paris, 
Inserm U1123 and CIC- EC, Paris, France (A.B.); and AP- HP, European 
Georges Pompidou Hospital, Cardiology Department, Paris, France (E.M.).

Sources of Funding
The French National Institute of Health and Medical Research (INSERM).

Disclosures
Dr Fiorina is a medical expert for Cardiologs. Dr Gardella, A. Plesse, and C. 
Henry are Cardiologs employees, and J. Li is a Cardiologs cofounder. Other 
authors have no disclosures to report.

REFERENCES
 1. Steinberg JS, Varma N, Cygankiewicz I, Aziz P, Balsam P, Baranchuk A, 

Cantillon DJ, Dilaveris P, Dubner SJ, El- Sherif N, et al. 2017 ISHNE- HRS 
expert consensus statement on ambulatory ECG and external cardiac 
monitoring/telemetry. Ann Noninvasive Electrocardiol. 2017;22:e12447. 
doi: 10.1111/anec.12447

 2. Mond HG. The spectrum of ambulatory electrocardiographic 
monitoring. Heart Lung Circ. 2017;26:1160– 1174. doi: 10.1016/j.
hlc.2017.02.034

 3. Johnson KW, Torres Soto J, Glicksberg BS, Shameer K, Miotto R, Ali 
M, Ashley E, Dudley JT. Artificial intelligence in cardiology. J Am Coll 
Cardiol. 2018;71:2668– 2679. doi: 10.1016/j.jacc.2018.03.521

 4. Smith SW, Rapin J, Li J, Fleureau Y, Fennell W, Walsh BM, Rosier A, 
Fiorina L, Gardella C. A deep neural network for 12- lead electrocardio-
gram interpretation outperforms a conventional algorithm, and its phy-
sician overread, in the diagnosis of atrial fibrillation. Int J Cardiol Heart 
Vasc. 2019;25:100423. doi: 10.1016/j.ijcha.2019.100423

 5. Hannun AY, Rajpurkar P, Haghpanahi M, Tison GH, Bourn C, Turakhia 
MP, Ng AY. Cardiologist- level arrhythmia detection and classification in 
ambulatory electrocardiograms using a deep neural network. Nat Med. 
2019;25:65– 69. doi: 10.1038/s41591- 018- 0268- 3

 6. Liu JP, Hsueh HM, Hsieh E, Chen JJ. Tests for equivalence or non- 
inferiority for paired binary data. Stat Med. 2002;21:231– 245. doi: 
10.1002/sim.1012

D
ow

nloaded from
 http://ahajournals.org by on Septem

ber 16, 2022

https://doi.org/10.1111/anec.12447
https://doi.org/10.1016/j.hlc.2017.02.034
https://doi.org/10.1016/j.hlc.2017.02.034
https://doi.org/10.1016/j.jacc.2018.03.521
https://doi.org/10.1016/j.ijcha.2019.100423
https://doi.org/10.1038/s41591-018-0268-3
https://doi.org/10.1002/sim.1012


J Am Heart Assoc. 2022;11:e026196. DOI: 10.1161/JAHA.122.026196 6

Fiorina et al DNNs for Ambulatory ECG Analysis

 7. Ronneberger O, Fischer P, Brox T. U- Net: convolutional networks for 
biomedical image segmentation. arXiv:1505.04597. 2015. Available 
from: http://arxiv.org/abs/1505.04597

 8. Mittal S, Oliveros S, Li J, Barroyer T, Henry C, Gardella C. AI filter im-
proves positive predictive value of atrial fibrillation detection by an im-
plantable loop recorder. JACC Clin Electrophysiol. 2021;7:965– 975. doi: 
10.1016/j.jacep.2020.12.006

 9. Simonyan K, Zisserman A. Very deep convolutional networks for large- 
scale image recognition. arXiv:1409.1556. 2015; Available from:. http://
arxiv.org/abs/1409.1556

 10. Smith SW, Walsh B, Grauer K, Wang K, Rapin J, Li J, Fennell W, Taboulet 
P. A deep neural network learning algorithm outperforms a conventional 
algorithm for emergency department electrocardiogram interpretation. 
J Electrocardiol. 2019;52:88– 95. doi: 10.1016/j.jelectrocard.2018.11.013

 11. Srivastava N, Hinton G, Krizhevsky A, Sutskever I, Salakhutdinov R. 
Dropout: a simple way to prevent neural networks from overfitting. J 
Mach Learn Res. 2014;15:1929– 1958.

 12. January CT, Wann LS, Alpert JS, Calkins H, Cigarroa JE, Cleveland JC, 
Conti JB, Ellinor PT, Ezekowitz MD, Field ME, et al. 2014 AHA/ACC/
HRS guideline for the management of patients with atrial fibrillation: 

executive summary: a report of the American College of Cardiology/
American Heart Association task force on practice guidelines and the 
Heart Rhythm Society. Circulation. 2014;130:2071– 2104. doi: 10.1161/
CIR.0000000000000040

 13. Edwards JD, Kapral MK, Fang J, Saposnik G, Gladstone DJ, 
Investigators of the registry of the Canadian stroke network. 
Underutilization of ambulatory ECG monitoring after stroke and tran-
sient ischemic attack: missed opportunities for atrial fibrillation detec-
tion. Stroke. 2016;47:1982– 1989. doi: 10.1161/STROKEAHA.115.012195

 14. Lennon MR, Bouamrane M- M, Devlin AM, O’Connor S, O’Donnell C, 
Chetty U, Agbakoba R, Bikker A, Grieve E, Finch T, et al. Readiness 
for delivering digital health at scale: lessons from a longitudinal qual-
itative evaluation of a national digital health innovation program in 
the United Kingdom. J Med Internet Res. 2017;19:e42. doi: 10.2196/ 
jmir.6900

 15. Fiorina L, Marijon E, Maupain C, Coquard C, Larnier L, Rischard J, 
Bourmaud A, Li J, Ait Said M, Horvilleur J, et al. Abstract 9825: artificial 
intelligence based platform enables faster ambulatory electrocardio-
gram analysis with equivalent clinical accuracy compared to traditional 
solution. Circulation. 2019;140:A9825.

D
ow

nloaded from
 http://ahajournals.org by on Septem

ber 16, 2022

http://arxiv.org/abs/1505.04597
https://doi.org/10.1016/j.jacep.2020.12.006
http://arxiv.org/abs/1409.1556
http://arxiv.org/abs/1409.1556
https://doi.org/10.1016/j.jelectrocard.2018.11.013
https://doi.org/10.1161/CIR.0000000000000040
https://doi.org/10.1161/CIR.0000000000000040
https://doi.org/10.1161/STROKEAHA.115.012195
https://doi.org/10.2196/jmir.6900
https://doi.org/10.2196/jmir.6900

	Evaluation of an Ambulatory ECG Analysis Platform Using Deep Neural Networks in Routine Clinical Practice
	METHODS
	DNN-Based Platform Workflow
	Deep Neural Network
	Holter Annotation
	Statistical Analysis

	RESULTS
	DISCUSSION
	Sources of Funding
	Disclosures
	References


