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Aims Mobile devices such as smartphones and watches can now record single-lead electrocardiograms (ECGs), making wearables
a potential screening tool for cardiac and wellness monitoring outside of healthcare settings. Because friends and family often
share their smart phones and devices, confirmation that a sample is from a given patient is important before it is added to the
electronic health record.

Methods and We sought to determine whether the application of Siamese neural network would permit the diagnostic ECG sample to

results serve as both a medical test and biometric identifier. When using similarity scores to discriminate whether a pair of ECGs
came from the same patient or different patients, inputs of single-lead and 12-lead medians produced an area under the
curve of 0.94 and 0.97, respectively.

Conclusion The similar performance of the single-lead and 12-lead configurations underscores the potential use of mobile devices to

monitor cardiac health.
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Introduction

Artificial intelligence (Al) algorithms based on the 12-lead electrocar-
diogram (ECG) can predict cardiac disease’™ and patient age and
sex.” Smartwatches and smartphones able to record a single-lead
ECG have emerged as powerful tools to track cardiac wellness outside
of the clinic.” Twelve-lead algorithms have been adapted for use with
single-lead inputs with success.®” One study invited Mayo Clinic pa-
tients to transmit watch ECGs that were then incorporated into their
electronic health record (EHR). Because smartwatches can be shared
among family and friends, user identification is necessary to ascertain
that ECGs belong to the expected patient. VWWe hypothesized that given
an individual’s baseline ECG, a neural network could quantify the likeli-
hood that subsequent recordings belong to the same individual.

Siamese neural networks are a deep learning architecture that excel
in comparing multiple inputs.’® The network receives paired inputs and
sends the pair to twin encoding structures to extract features. These
features are compared and then assigned a similarity score. Siamese
networks have been used outside healthcare for user identification’ "2
and in healthcare for the detection and monitoring of Alzheimer’s dis-
ease.”>"* They also have been used in monitoring disease progression
with various imaging modalities."®

Numerous previous studies have investigated ECG biometric feature
extraction using a variety of methods from frequency transforms
to convolutional neural networks.'®"” Most applicable, however, are

Results

Similarity scores
discriminate patient
identity with AUCs of 0.97
and 0.94, respectively, for
12-lead and single-lead
models.
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+ Similarity scores for pairs of ECGs from the same
patient decrease over time due to aging.

Conclusion

The similar performance of the single-lead and
12-lead model configurations underscores the
potential use of mobile devices to monitor health.

studies using Siamese networks trained on public ECG data sets'’™’

with at most 549 patients to classify individuals from their ECGs.

In this study, we sought to test the ability of a Siamese network to
identify patients based on ECG biometrics within a large data set. To
the best of our knowledge, this is the largest cohort of patients studied
in an ECG biometric study. Additionally, given that an individual’s ECG
evolves with aging, we compared individuals’ longitudinal ECG changes
to assess the impact on identification and the potential role of the
Siamese network approach for assessing biological age.

Methods

Data set characteristics

The data set consisted of 971 337 ECGs from 97 388 distinct, randomly se-
lected patients who had provided research authorization and whose data
were in the MUSE data management system. The ECG signal processing in-
cluded standard baseline artefact removal and noise reduction prior to stor-
age in MUSE. The patients were 53% male with a minimum and maximum
age of 0 and 90 years, respectively, at the time of ECG recording. The race
and ethnicity of the patients was 90% non-Hispanic White, 4% ‘Other’, 3%
Hispanic or Latino, and 3% Black. The average minimum age was 41.5 + 25.2
years, and the average maximum age was 52.0 + 29.5 years. There was an
average of 10.0 = 12.7 ECGs on record per patient with an average interval
of 10.4 + 9.8 years between the first and last recording. Digital 10-s ECGs
were collected between May 1987 and January 2023 at Mayo Clinic at a
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Figure 1 Overview of the study. (A) Splitting of the original data set by patient in a ratio of 7:1:2. (B) Given a pair of two input electrocardiograms
from the same patient labelled one, the Siamese network is trained to extract features from both inputs simultaneously, compare these features, and
finally generate a high similarity score. (C) Conversely, given a pair of two electrocardiograms originating from two different patients (labelled zero), the
network is trained to extract features that when compared produce a low similarity score.

sampling frequency of 500 or 250 Hz and were resampled to 500 Hz on
Marquette ECG Machine. Median beats were created by the MUSE system
(GE Healthcare) and represent the ECG morphology.

Siamese model training

The data set was first grouped by patient and then split into training, valid-
ation, and testing sets with a ratio of 7:1:2, respectively (Figure 1A). Data
splitting was performed by patient identification number, and all ECGs
from a given patient were in the same data set to avoid data leakage.
Table 1 displays age, sex, race/ethnicity, and cardiac rhythm abnormalities
for the training, validation, and testing sets. Initial grouping by patient al-
lowed the network to be tested on unique patients not seen during training
or validation. Electrocardiograms in the training, validation, and testing sets
were then paired within the patient set so that each pair consisted of two
distinct ECGs: both from the same patient or one each from different pa-
tients. Labels for distinct ECGs from the same patient were designated as
one while labels of zero (Figure 1B) were reserved for distinct ECGs stem-
ming from different patients (Figure 1C). Given memory constraints, only
the first 100 pairs within a patient were included (label one). To keep the
label balance approximately equal, the number of desired pairs including a
specific patient paired with another (label zero) was proportional to the
number of his or her ECG pairs (label one). When forming ECG pairs be-
tween distinct patients, because age and sex are known to affect the ECG,5
patients were only randomly paired with other patients in the same age (by
decade) and sex category. Pairing distinct patient ECGs only within the
same age decade and sex category encourages the model to focus on learn-
ing the differences between patient biometrics rather than just the differ-
ences in age and sex. In total, 53% of ECG pairs were within a patient’s
history while 47% were pairs of ECGs from different patients. There
were 4516469 (training), 649 871 (validation), and 1283243 (testing)
pairs. Most of the testing ECG pairs were in sinus rhythm (76%), followed
by one ECG in sinus rhythm and one ECG in atrial fibrillation (sinus/atrial
fibrillation, 11%) and sinus/other (8%). There were variations in the ECG
pair rhythm breakdowns when stratifying by same and distinct patient pairs
across training, validation, and testing data sets (see Supplementary material
online, Figure S7).

Electrocardiogram pairs were first fed into the same (Siamese) residual
neural network portion to extract features. To test whether beat-to-beat
variation affected classification of each pair of ECGs, four Siamese neural
networks were created that each have a pair of ECGs as inputs
(Figure 2A). The first two networks had inputs of 1.2-s medians for a single
lead (lead I, matrix of 600 X 1) and 12 leads (matrix of 600 x 12). The other

two networks had inputs of 2.5 s of an ECG for a single lead (lead |, matrix of
1250 % 1) and 12 leads (matrix of 1250 x 12). All these Siamese neural net-
works were implemented in TensorFlow 2.4.x (Google) and Python 3.9.x.
Each feature extraction branch of the twin networks (Figure 2A) consisted
of convolutional layers, batch normalization, residual connections, leaky
RELU, and max pooling layers with filter numbers, kernel sizes, and pooling
sizes listed in Figure 2B—D. The extracted features of size 256 were then
compared with an L1 norm (implemented with the tfkeras.layer.Lambda
layer) followed by a fully connected layer of size 128, dropout of 0.5, leaky
RELU, and a single dense output with sigmoid activation (Figure 2A). This fi-
nal network output represents the probability that the two ECGs are from
the same individual. The model was trained with the Adam optimizer with
binary cross entropy as the loss function and a learning rate of 0.001 with a
batch size of 512. The area under the curve (AUC) under the receiver op-
erating characteristic (ROC) curve was monitored for early stopping to
avoid overfitting. Accuracy metrics were calculated based on the optimal
threshold, which we defined as the closest point to (0, 1) on the validation
ROC curve.?

Testing of the model

The model was first tested with patients not seen during training or valid-
ation. Positive and negative pairs from these unseen patients were gener-
ated in the same way as during training and validation. The pairs were
then used in a simulated scenario of user identification in which ECGs ac-
quired over a span of years were analysed. Because the ECG is affected
by the natural aging;)rocessB’25 like other biometrics such as fingerprint
scans or iris imaging, 627 the similarity scores may drop over time. In other
words, two ECG records from a patient acquired years apart could have
lower similarity score than two records collected closer in time. Because
of this expected drop in similarity score, the model may not recognize a pa-
tient who submits a new ECG to the medical record after a long-time inter-
val if a strict acceptance threshold is used. Rather than simply using the first
ECG as a baseline, we tested systematically larger subsequent sets of ECG
records to create an evolving baseline. This way the model could success-
fully verify patients who have ECG records spanning decades, even using
high thresholds for identity. An evolving baseline mirrors a classifica-
tion?®28 process in which each new record is systematically compared to
a specific subset of previous ECGs designated as the baseline: A new
ECG record is compared to each member of the baseline, and the final simi-
larity score is an average of these similarity scores. By averaging the scores
across the members of the evolving baseline, the model can better approxi-
mate the patient’s evolving ECG baseline for successful user verification.
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Table 1

Electrocardiogram data set demographics and rhythms overview

Training (n = 679 982 ECGs)

Age 59.5+224
% male 52.9%
Race and ethnicity

Non-Hispanic White 609 786 (90%)

Other 27701 (4%)

Hispanic or Latino 22423 (3%)

Black 20072 (3%)
Rhythms

Infarction present 94105 (14%)
20817 (3%)
25133 (4%)
43376 (6%)
62112 (9%)
23805 (4%)
63057 (10%)
72470 (11%)

12008 (2%)

Left bundle branch abnormality
Low voltage

Long QT

Right bundle branch abnormality
Left ventricular hypertrophy
Atrial flutter/fibrillation
First-degree AV block
Second-degree AV block

Validation (n = 97 891 ECGs) Testing (n = 193 464 ECGs)

59.4+2235
52.4%

59.6£223
52.9%

88062 (90%)
4081 (4%)
3076 (3%)
2672 (3%)

172867 (89%)
7528 (4%)
6967 (4%)
6102 (3%)

26582 (13%)
5844 (3%)
7199 (4%)

12682 (7%)
17 344 (9%)
6759 (3%)
17920 (9%)

20946 (11%)
3382 (2%)

9520 (10%)
10741 (11%)
1770 (2%)

Statistical considerations

Reported AUCs are not customary because patient ECG pairing introduces
clustering that violates the independence assumption of the Mann—Whitney
U statistic.>’ Area under the curves are reported without confidence inter-
vals because measures of uncertainty are not likely appropriate for this
paired data set. Differences in distributions were deemed statistically signifi-
cant with the Kruskal-Wallis test. Otherwise, measures are reported as
means and standard deviation.

Results

Single-lead and 12-lead median Siamese

network performance

The 97 388 patients and 971 337 ECGs were split into training, valid-
ation, and testing patient wise so that a patient’'s ECGs are restricted
to one set as described in the Methods. Similarity scores discriminated
whether pairs of ECGs came from the same patient or different pa-
tients with an AUC of 0.94 and 0.97, respectively, for the single-lead
and 12-lead models with median ECGs (Figure 3A). Similarly, the
AUC under the precision recall curve was 0.96 and 0.98 for the single-
lead and 12-lead median models.

When applying the optimal validation threshold to the testing data
set, the single-lead model had a sensitivity of 0.86, specificity of 0.89,
a positive predictive value of 0.90, a negative predictive value of 0.85,
and a F1 score of 0.88. The 12-lead model had a sensitivity of 0.91, spe-
cificity of 0.92, a positive predictive value of 0.93, a negative predictive
value of 0.89, and a F1 score of 0.91.

Short rhythm vs. median
electrocardiogram Siamese network
performance

While the previous models used the median beat, we next affirmed that
this strategy would also work with the first 2.5 s of each of the 12 leads.
The ROC AUC:s for the single-lead and 12-lead 2.5-s models were 0.92
and 0.95, respectively.

Median model performance by rhythm

When stratifying the median single-lead results by rhythm, pairs of
ECGs with both records in sinus rhythm, atrial fibrillation/flutter, or
‘other’ rhythms had testing AUCs of 0.96, 0.92, and 0.88, respectively.
Pairs with one record in sinus rhythm and one record in atrial fibrilla-
tion/flutter or ‘other rhythm’ produced AUCs of 0.90 and 0.86, re-
spectively. Pairs with one record in ‘other rhythm’ and one record in
atrial fibrillation/flutter showed further reduced performance with test-
ing AUC of 0.84 (Figure 3B).

Median model performance by sex, age

decade, and race/ethnicity

When the stratifying the testing median single-lead results by sex,
male and female ECG pairs had consistent performance with an
AUC of 0.94. When stratifying by patient age in decades, pairs of
ECGs where patients were age 0—10 showed a reduction in perform-
ance with an AUC of 0.88 compared to AUCs of least 0.94 in all other
decades (Figure 3C). Model performance was consistent across differ-
ent race and ethnicity groups with AUCs of 0.95 for Hispanic and
Black while non-Hispanic White and Other groups demonstrated
an AUC of 0.94.

Median model performance for patients
with frequent electrocardiograms

Supplementary material online, Figure S2A, illustrates the network per-
formance for 1975 testing patients who had an average of more than
three ECGs a year in the Mayo system with an AUC of 0.92
and 0.95, respectively, for the single-lead and 12-lead configuration
median models (see Supplementary material online, Figure S2A).
Electrocardiogram pair discrimination stratified by rhythm ranged
from the best for pairs of sinus rhythms (AUC of 0.94) to the worst
for pairs with one record in sinus rhythm and the other record in
‘other’ rhythm (AUC 0.83; see Supplementary material online,
Figure S2B). Electrocardiogram pairs of children under 10 years also
had the worst classification performance with an AUC of 0.85


http://academic.oup.com/ehjdh/article-lookup/doi/10.1093/ehjdh/ztae024#supplementary-data
http://academic.oup.com/ehjdh/article-lookup/doi/10.1093/ehjdh/ztae024#supplementary-data
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compared to AUCs of least 0.9 in the other decade categories (see
Supplementary material online, Figure S2C).

Median model performance with diseased

electrocardiograms

To assess the model’s performance to ascertain same patient identity
with various diseased ECGs as in Table 1, Figure 4 displays the distribu-
tion of similarity scores for pairs where both ECGs are in the specified
condition and where only one ECG is afflicted. Similarity probability
scores were higher for pairs where both ECGs were afflicted compared
to where only one ECG is afflicted, where model accuracy was at least
88% accurate. Model performance remained above 80% accuracy for
one ECG of a same patient pair afflicted among low voltage, myocardial
infarction, and first-degree atrioventricular block. The model was be-
tween 70 and 80% accurate for same patient pairs with one afflicted
ECG with atrial fibrillation/flutter, right bundle branch abnormality,
second-degree atrioventricular block, left ventricular hypertrophy,
and long QT. Model performance was lowest at 61% accurate for pa-
tient pairs with one afflicted ECG in left bundle branch abnormality.

Use of the Siamese network for user

identification over time

Because normal biological aging is known to affect the ECG**3" and
can be detected by deep learning,® we plot the decrease in the similar-
ity scores for ECG pairs within testing patient sets (both ECGs from
the same patient) with increasing time intervals between acquisition
times (Figure 5). In other words, even though the ECGs belong to
the same patient, aging and disease change the ECG, and at some point,
the patient may stop ‘looking’ like themselves (see Supplementary

material online, Figure $3). Across all 16 511 testing patients with mul-
tiple ECGs on record, ECG pairs with a large difference in acquisition
times show lower similarity scores. Electrocardiogram pair time
difference groups across 1-35 years showed a significant change in
similarity score distributions with medians dropping from 0.99 to
0.63 (P <0.001).

Because of this natural decrease in similarity scores over time, a strat-
egy to allow for accurate self-identification when ECG records are sub-
mitted over a large time interval is needed. Figure 6 illustrates the use of
an evolving baseline, a type of classification identification where new re-
cords are systematically compared to increasing numbers of prior
ECGs.?*"?® We introduce this new type of classification identification
to improve self-identification when ECG records are added over
time. The evolving baseline allows for the continued use of higher simi-
larity threshold, a necessity when adding to a medical record, when per-
forming user identification.

Discussion

Our work had three main findings. First, we found that an ECG signal
can be classified as coming from the same or a different individual
when compared to a baseline sample using a Siamese network. This
finding may be important as wearable devices are shared and because
these signals are imported into the EHR. The model could be used in
conjunction with standard safeguarding measures to verify patient iden-
tity where diverse patient identification scenarios, including different
sex pairings, would be regularly encountered, before adding to the re-
cord. Second, we found that a single-lead ECG (lead I) had a practical
performance near to that of the 12-lead ECG. Similarly, the median
beat for practical purposes performed near to the short rhythm


http://academic.oup.com/ehjdh/article-lookup/doi/10.1093/ehjdh/ztae024#supplementary-data
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Figure 3 (A) Receiver operating characteristic for the testing data set using the median single-lead and 12-lead electrocardiogram Siamese networks.
(B) Median single-lead receiver operating characteristics stratified by rhythms of the pairs. (C) Median single-lead receiver operating characteristics
stratified by the decade of the electrocardiogram pair. (D) Median single-lead receiver operating characteristics stratified by race of the electrocardio-

gram pair.

ECG. Taken together, these results could make this approach useful for
signals from mobile and wearable devices. However, further research
will be needed to understand the AUC performance drops between
single-lead and 12-lead ECGs as well as median and short rhythm sig-
nals. Median beat processing helps to denoise and normalize a signal,
which may be important with signals acquired from nonmedical envir-
onments. Since mobile recordings are acquired by patients, and patients
might share their devices with family members or friends, identity as-
certainment in noisy, uncontrolled environments becomes important.
Third, we found that baseline ECG signals change over time, and that
a novel form of baseline averaging improves identity performance, par-
ticularly when there is a long-time interval between signal acquisitions.

Siamese neural networks are an ideal deep learning to architecture
for long-term monitoring of patient data. Once a baseline record is es-
tablished for the patient, the Siamese network can determine whether
the next record added is sufficiently like the baseline. Because the data
set is split on the patient level, there was no overlap of patient data be-
tween the training and testing sets. Splitting by patient assures the

model learns how to discriminate between individuals generally so
that the model may successfully be used on unseen patients.
Importantly, failure of self-identification may prove a powerful marker
for an important cardiac pathophysiologic event as quantified in Figure 4
and prompt the user to seek medical evaluation.

The ECG is affected by the natural aging process, so deep learning
similarity scores will drop over time, even in the absence of intercurrent
iliness.>#233 Other biometric detectors such as fingerprint scans or iris
imaging®®?’ are also affected by this aging process.>>*> Comparing the
drop in similarity scores observed for ECG pairs within the patient sets,
grouped by time interval between the acquisition times of the pair, high-
lights the natural aging process (Figure 5). It invites many practical ques-
tions on how the baseline ECG used for Siamese network pairing will
need to be changed over time. In this study, we review ~35 years of digit-
ally acquired records while intervals as short as 5-7 years introduce a
change in the similarity score distribution (P < 0.001). This observation
then suggests how often the baseline, or as referenced in the biometrics
literature as ‘template update,’ should be updated at a patient level.>3*
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Figure 5 A total of 16 511 testing within patients’ electrocardiogram set pairs (both electrocardiograms are from the same patient) with progres-
sively larger differences in acquisition times show significantly different distributions in similarity scores with lower medians (P < 0.001).

The optimal time for recapturing a baseline remains unknown and can be
affected by the patient’s overall health as acute disease can significantly af-
fect the ECG. However, the rate of change can also be an opportunity to

use this network to assess acute changes: for example, if a patient’s simi-
larity score drops dramatically over a short period of time or whether it
recovers in response to medical therapies and interventions. As shown in
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Figure 6 Updating the baseline with future records (‘evolving’) improves similarity scores. Here, there are 747 patients, each with five electrocar-
diograms total on record, where the difference between each electrocardiogram is between 0 and 2000 days. In the first row, the first electrocardio-
gram on record is the sole baseline like what is commonly done with other biometrics. By the time the fifth electrocardiogram record is added to the
system, the similarity score has dropped to 0.87. However, the subsequent rows illustrate if this baseline is expanded by each consecutive record (row
2: electrocardiogram #1, electrocardiogram #2; row 3: electrocardiogram #1, electrocardiogram #2, electrocardiogram #3), and then the drop in the
similarity score is less, only down to 0.90 when using the first four electrocardiograms as a baseline, compared to 0.87 when only using electrocardio-

gram #1 as a baseline.

our previous work on ECG estimated age,® an individual does not
necessarily age chronologically given the various life factors.3>3335-40
We suggest developing an ‘evolving baseline’ based on the ECGs seen
so far (Figure 6) that indicate whether the latest record should be added
to the patient’s repository. Intriguingly, the frequency of when the system
signals a lower similarity score between the current baseline ECG(s) could
be in of itself a metric of aging and a key part of personalized medicine.

Because of the natural aging process, we wish to illustrate how the
ECG features from a single recording or in combination, as in the
case when using the ‘evolving baseline,” could be harnessed to populate
a self-submission repository of patient ECG records over a lifetime.
This algorithm could be used with other biometrics, such as voice,‘”’42
to insure accuracy of medical data collected in noisy, nonmedical
environments. It is interesting to highlight that between 5 and 7 years,
the distribution of similarity scores significantly changes (Figure 5;
P < 0.001) while the average error in our previously published ECG
age estimate model was 6.9 + 5.6 years. Perhaps these results suggest
a resolution limit of the AI-ECG age-based estimates.

While this study immediately addresses a practical problem of user
identification for single-lead ECG records in the EHR, changes in simi-
larity scores due to aging expand its scope to additional biological mark-
er of aging. This measure may be a frontline measure in the clinic for a
relatively easy to acquire and cheap picture of the patient wellness, es-
pecially as wearables with mobile form factors continue to increase in
popularity.

Limitations

Our work is best understood in the context of its limitations. VWe ac-
knowledge that many Mayo Clinic patients with many ECGs on record
are old or sick. Thus, the model may not recognize the individual differ-
ences between healthy, young people. Indeed, the average chronologic-
al age at the first ECG is 42 + 25 years and at the last ECG is 52 + 30

years, which reflects this aging population. However, given the rise in
the use of smartwatches, we hope increasing numbers of patients
will participate in recording ECGs regardless of age or disease history
and the model estimates will improve.

All recordings used for this study were done in the clinic, and we
only mimicked the use of a single lead by selecting lead | of the
12-lead ECG. Future studies will be needed to understand the mod-
el’s sensitivity to noise and artefacts. The same brands of ECG re-
cordings and digital signal processing were used throughout this
study: more validation studies will be needed to investigate pairing re-
cords acquired from different institutions. Smart device recordings
may contain more noisy artefacts compared to clinic recordings
along with differing signal processing specifications. Smart device re-
cordings also may not be recorded in the supine position, which may
even further impede the model’s performance. Forthcoming formal
validation studies using data collected from a smart device of various
brands will be vital to test the model generalizability. While the single-
lead and 12-lead models have promising sensitivity and specificity of
at least 86% based on the optimal validation threshold, external val-
idation studies on diverse data sets will be critical to minimize patient
misclassifications when implemented in clinical practice.

The data set was heavily biased towards sinus rhythms (see
Supplementary material online, Figure S7), and the performance of
the mixed rhythm pairs was lower compared to pairs in the same
rhythm (Figure 3B). Because smartwatches may be used to diagnose
new arrhythmias, future studies could explore data sets with a higher
weighting towards mixed rhythm pairs to help improve user identifica-
tion. This higher weighting may also be of use to improve the perform-
ance of single ECG afflicted pairs with left bundle branch abnormality,
for example. The performance drops seen in the paediatric cases, indi-
cative of rapidly changing cardiac electrophysiology*® and thus ECG
biometric features, suggest the need for future studies to focus on
paediatric performance.
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From a statistical standpoint, the use of estimated AUCs is not cus-
tomary because patient ECG pairing introduces clustering that violates
the independence assumption of the Mann-Whitney U statistic.”’
Measures of uncertainty in the AUCs are not likely appropriate, so
more appropriate measures should the subject of future research.

Conclusions

Here, we show that the ECG permits self-identification, which could help
limit errors in medical signals acquired in nonmedical environments. We
introduce a novel form of baseline adjustment for expected age-related
changes in ECG, while unexpected rates of change may be key to imple-
menting true personalized medicine by prompting medical evaluation.

Supplementary material

Supplementary material is available at European Heart Journal — Digital
Health.
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