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Wearable patch ECG monitoring enables continuous long-term monitoring outside 
of the clinic. During a monitoring study, service providers leverage human 
technicians and algorithms to analyze raw data and distill clinically relevant metrics 
into daily and end-of-study reports for the prescribing clinician. Atrial fibrillation 
(AFib) onset/o!set detection and burden quantification of atrial fibrillation burden 
are important aspects of this reporting and must be performed with high sensitivity 
and precision in order to support clinical decision making.

New deep learning algorithms have demonstrated impressive performance when 
applied to AFib detection. However, many of these algorithms do not denote AFib 
onset/o!set and very few have been validated on large, diverse, real-world datasets. 
Rigorous validation is particularly important for deep learning algorithms because of 
their capacity to “memorize” training data. This results in algorithms that do not 
perform well when presented with ECG that is significantly di!erent than the 
training data. For example, algorithms su!ering from an inability to generalize may 
perform well on ECG that contains 100% AFib or 100% normal sinus rhythm but may 
perform poorly when presented with rhythm transitions.

The following describes the Preventice BeatLogicTM deep learning platform for 
detecting and classifying cardiac arrhythmias. Real-world validation demonstrates 
performance of the algorithm for sinus rhythm and AFib using data that contains 
transitions into and out of AFib with varying durations.
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• The Preventice BeatLogicTM platform achieved state-of-the-art performance for 
detection and classification of both sinus rhythm and AFib, denoting onset and 
o!set that is accurate to within a few heart beats.

• AFib sensitivity increased as the minimum duration for true AFib was increased to 
30 and 60 seconds indicating that while the platform performs well on short 
bouts of AFib, much like humans, the system is better at correctly classifying 
longer durations.

• Within the academic literature most deep learning algorithms for AFib detection 
(1) fail to validate using real-world data, (2) do not demonstrate robust 
generalization by testing on a large unique patient data set, and/or (3) do not 
follow the standard EC57 guidelines for validation. These failures undermine 
published measures of performance and are addressed in this work.

Algorithm validation was performed in accordance with the EC57 guidelines for 
assessing for cardiac rhythm measurement algorithms. This includes quantification 
of sensitivity and precision for episode (event detection) and duration (detected 
event overlap). The Preventice BeatLogicTM platform achieved state-of-the-art AFib 
and Sinus Rhythm classification performance.

Sensitivity was evaluated for AFib truth durations longer than 0, 30, and 60 seconds 
and precision was evaluated for AFib algorithm detections with durations longer 
than 0, 30, and 60 seconds. Episode sensitivity and precision improved to perfect 
for AFib events with duration longer than 1 minute.

TRAINING DATA
ECG training data was gathered from more than 10,000 patients who were 
monitored using the BodyGuardian® Heart (BGH) device. Rhythm labels were 
annotated and adjudicated by 3 certified ECG technicians, each with more than 5 
years of experience. ECG records were captured from the mobile cardiac telemetry 
platform, which receives ECG segments that are generally 1 to 4 minutes in duration. 
Continuous and discontinuous atrial fibrillation were represented approximately 
equally in the dataset.

VALIDATION DATA
ECG validation data was gathered from 512 patients who were monitored using the 
BodyGuardian® Heart (BGH) device. From the mobile cardiac telemetry platform, 
more than 2,500 ECG records were pseudo randomly captured to ensure rhythm 
and patient diversity within the validation data set. The large pool of candidate ECG 
records were filtered down so that at least 20 examples of each rhythm called by 
the Preventice BeatLogic™ platform were contained within the final validation data 
set. Rhythm labels were adjudicated by 3 board certified electrophysiologists. No 
patient crossover was allowed between the training and validation data sets.

Two deep learning models form the foundation of the Preventice BeatLogicTM 
platform. The first detects and classifies beats and noise, the second detects and 
classifies rhythms. Both models leverage a convolutional neural network with 
residual connections and incorporate a repeating series of layers: 1-D convolution, 
batch norm, nonlinear activation, and dropout (below). Dropout is excluded 
following the first and last convolutions and classification is performed by a 
fully-connected and subsequent softmax layer. The rhythm classification model 
produces a prediction every one second and beat detection/classification produces 
a prediction every 0.125 seconds. Predictions from each model are generated within 
the context of a one-minute slice of ECG enabling each 1 or 0.125 second 
classification to gather context from the entire ECG. Results from the two models 
are merged in post-processing to create contiguous rhythm and artifact
annotations.
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Figure 1 Deep Neural Network Architecture

Table 1 Duration Performance for AFib and Sinus Rhythm

Table 2 AFib Sensitivity by Duration Threshold

Figure 2 Duration of AFib Episodes (min) Figure 3 AFib Burden

Figure 6 Annotations Created by the Preventice BeatLogicTM Platform
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INCREASED RISK OF ATRIAL FIBRILLATION WITH THE 
TIME COURSE OF DIABETES MELLITUS: A NATIONWIDE 
ANALYSIS
Seokhun Yang, Eue-Keun Choi, MD, PhD, So-Ryoung Lee, 
Kyung-Do Han, Myung-jin Cha, MD and Seil Oh, MD, PhD, 
FHRS. Seoul National University Hospital, Seoul, Republic 
of Korea, Seoul National University Hospital Department of 
Internal Medicine, Seoul, Republic of Korea, Soon Chun Hyang 
University Hospital, Seoul, Republic of Korea, The Catholic 
University, Seoul, Republic of Korea, Department of Internal 
Medicine, Seoul National University Hospital, Seoul, Republic of 
Korea, Seoul National Univ Hospital, Seoul, Republic of Korea
Background: Although diabetes mellitus (DM) is known for a 
ULVN�IDFWRU�RI�DWULDO�ÀEULOODWLRQ��$)���WKH�UHODWLRQ�RI�SURJUHVVLRQ�RI�
'0�DQG�ULVN�RI�$)�LV�QRW�ZHOO�NQRZQ�
Objective: :H�VRXJKW�WR�ÀQG�WKH�DVVRFLDWLRQ�EHWZHHQ�WKH�WLPH�
FRXUVH�RI�'0�DQG�LQFLGHQFH�RI�$)�
Methods: $�WRWDO�RI�����������SDUWLFLSDQWV��DJHG������\HDUV��
QR�KLVWRU\�RI�$)��ZHUH�LQFOXGHG�IURP�.RUHDQ�1DWLRQDO�+HDOWK�
,QVXUDQFH�6HUYLFH�GDWDEDVH�EHWZHHQ�-DQXDU\������DQG�
December 2012. We divided the study population into 4 groups: 
VXEMHFWV�ZLWK�QRUPDO�JOXFRVH�WROHUDQFH��1*7��Q ������������
VXEMHFWV�ZLWK�LPSDLUHG�JOXFRVH�WROHUDQFH��,*7��Q ������������
SDWLHQWV�ZLWK�'0�GXUDWLRQ�����\HDUV��HDUO\�'0��Q ����������DQG�
SDWLHQWV�ZLWK�'0�GXUDWLRQ�����\HDUV��ODWH�'0��Q ����������:H�
FRPSDUHG�WKH�LQFLGHQFH�DQG�WKH�ULVN�RI�$)�DPRQJ�JURXSV�
Results: During a mean follow-up of 6.7±1.1 years, incidence 
UDWH�RI�$)�VLJQLÀFDQWO\�LQFUHDVHG�DFURVV�WKH�JURXSV������������
�����DQG�����SHU������SHUVRQ�\HDUV�LQ�1*7��,*7��HDUO\�'0��DQG�
ODWH�'0��UHVSHFWLYHO\��S�IRU�WUHQG���������:LWK�1*7�DV�UHIHUHQFH�
JURXS��WKH�ULVN�IRU�LQFLGHQW�$)�LQFUHDVHG�VLJQLÀFDQWO\�DFURVV�WKH�
time course of DM (adjusted hazard ratio (aHR) 1.019, 95% 
FRQÀGHQFH�LQWHUYDO��&,��������������IRU�,*7��D+5������������&,�
1.022-1.051 for early DM; aHR 1.080, 95% CI 1.064-1.096 for 
late DM). In subgroup analysis, increasing tendency of risk for 
LQFLGHQW�$)�DFFRUGLQJ�WR�GXUDWLRQ�RI�'0�ZDV�PRUH�SURPLQHQW�LQ�
JURXS�RI�DJH�����\HDUV�
Conclusion: 'XUDWLRQ�RI�'0�VKRZHG�VLJQLÀFDQW�DVVRFLDWLRQ�ZLWK�
WKH�ULVN�RI�$)��HVSHFLDOO\�LQ�WKRVH�ZLWK�\RXQJHU������\HDUV��SDWLHQWV�
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REAL-WORLD PERFORMANCE OF ATRIAL FIBRILLATION 
DETECTION FROM WEARABLE PATCH ECG MONITORING 
USING DEEP LEARNING
Benjamin Adam. Teplitzky, Michael McRoberts, Pooja Mehta 
and Hamid Ghanbari. Preventice Solutions, Eagan, MN, 
Preventice Solutions, Rochester, MN, Univesity of Michigan, 
Ann Arbor, MI

Background: :HDUDEOH�SDWFK�(&*�PRQLWRULQJ�TXDQWLÀHV�
DWULDO�ÀEULOODWLRQ��$)��EXUGHQ�XVLQJ�D�FRPELQDWLRQ�RI�DOJRULWKPV�
and trained technicians. New deep learning algorithms have 
LPSURYHG�WKH�SHUIRUPDQFH�RI�DWULDO�ÀEULOODWLRQ�GHWHFWLRQ�LQ�VLPSOH�
FODVVLÀFDWLRQ�WDVNV�ZKHUH�WKH�JRDO�LV�WR�GHWHFW�WKH�SUHVHQFH�RI�
$)�ZLWKRXW�GHQRWLQJ�WKH�EHJLQQLQJ�DQG�HQG�RI�HDFK�$)�HYHQW��
+RZHYHU��WKH�EHJLQQLQJ�DQG�HQG�RI�$)�HYHQWV�PXVW�EH�NQRZQ�IRU�
accurate burdens to be calculated.
Objective: To demonstrate real-world performance of the 
Preventice BeatLogic deep learning platform for detecting the 
EHJLQQLQJ�DQG�HQG�RI�$)�HYHQWV�
Methods: We trained two deep residual convolutional neural 
QHWZRUNV��'11���D�EHDW�GHWHFWRU�FODVVLÀHU�����OD\HUV��DQG�D�
UK\WKP�FODVVLÀHU�����OD\HUV��XVLQJ�����KRXUV�RI�(&*�IURP�������
%RG\*XDUGLDQ��+HDUW��%*+��SDWLHQWV��%HDWV�DQG�DUWLIDFW�ZHUH�
GHWHFWHG�FODVVLÀHG�ZLWK�������VHF�UHVROXWLRQ�ZKLOH�VLQXV�UK\WKP�
DQG�$)�ZHUH�GHWHFWHG�FODVVLÀHG�ZLWK���VHF�UHVROXWLRQ��5HVXOWV�
from the two DNNs were merged in postprocessing to produce 
rhythm beginning and ends for a variety of cardiac rhythms. 
Performance was measured using real-world data consisting of 
����KRXUV�RI�%*+�GDWD�IURP�������SDWLHQWV�QRW�LQFOXGHG�LQ�WKH�
training dataset.
Results: $)�GXUDWLRQ�VHQVLWLYLW\��6H��DQG�D�SRVLWLYH�SUHGLFWLYH�
value (PPV) were 93.8% and 94%, respectively. Episode 
detection Se and a PPV were 95.8% and 89.3% respectively. 
(SLVRGH�GHWHFWLRQ�6H�LQFUHDVHG�WR�������DQG�������IRU�$)�
episodes with duration >30 sec and >60 sec, respectively.
Conclusion: (&*�DOJRULWKPV�PXVW�EH�DEOH�WR�DFFXUDWHO\�
detect the beginning and end of arrhythmias in order to ensure 
accurate burden calculation and maximize clinical value. Here 
we describe and validate a technique for achieving this goal by 
integrating the results from multiple DNNs. The proposed system 
GHWHFWV�$)�HSLVRGHV�DW�UDWHV�FRPSDUDEOH�WR�WKH�EHVW�UHSRUWHG�
values within the literature and detection performance improves 
to near perfect for episodes lasting one minute or more. The 
suboptimal episode PPV indicates the continued need for 
WUDLQHG�WHFKQLFLDQV�WR�PRQLWRU�ORZ�FRQÀGHQFH�$)�FODVVLÀFDWLRQV�
ZLWKLQ�D�SURGXFWLRQ�HQYLURQPHQW�LQ�RUGHU�WR�HQVXUH�WKDW�IDOVH�$)�
detections are correctly excluded from burden calculations.
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DIFFERENTIAL MANIFESTATION OF LATE-ONSET ATRIAL 
TACHYARRHYTHMIA IN PATIENTS WHO UNDERWENT 
ISOLATED VALVE SURGERY OR CORONARY BYPASS 
GRAFTING
Min Soo Cho, MD, Jun Kim, Ungjeong Do, Gi-Byoung Nam, MD, 
Kee-Joon Choi, MD and You-Ho Kim, MD, FHRS. Asan Medical 
Center, Seoul, Republic of Korea, Asan Medical Center, Dept Of 
Internal Medicine and Cardiology, Seoul, Republic of Korea
Background: Incidence and predictors of atrial tachyarrhythmias 
(ATA) after cardiac surgery are yet to be fully evaluated.
Objective: We hypothesized that the type of surgical procedure 
would have differential implications on the incidence and initial 
presentation of late-onset ATAs.
Methods: Data on 5,411 patients who underwent single cardiac 
SURFHGXUH������LVRODWHG�PLWUDO�YDOYH�VXUJHU\�>096@��������
LVRODWHG�DRUWLF�YDOYH�VXUJHU\�>$96@��������E\SDVV�JUDIWLQJ�
>&$%*@��DW�RXU�FHQWHU�IURP������WR������ZHUH�DQDO\]HG��
Those who had combined surgery, prior ATAs, or ATAs during 
hospitalization were excluded from the analysis. The major study 
outcome was the incidence of ATAs that occurred after discharge 
from index hospitalization for surgery.
Results: Patients who underwent MVS were younger, had 
lesser comorbidities, and had larger left atrial (LA) and left 
ventricular (LV) dimensions compared to other groups. During 5 
years of follow-up, the primary outcome rate was higher in those 




