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ABSTRACT

Objective: Utilizing integrated electronic health record (EHR) and consumer-grade wearable device data, we

sought to provide real-world estimates for the proportion of wearers that would likely benefit from anticoagula-

tion if an atrial fibrillation (AFib) diagnosis was made based on wearable device data.

Materials and Methods: This study utilized EHR and Apple Watch data from an observational cohort of 1802

patients at Cedars-Sinai Medical Center who linked devices to the EHR between April 25, 2015 and November

16, 2018. Using these data, we estimated the number of high-risk patients who would be actionable for anticoa-

gulation based on (1) medical history, (2) Apple Watch wear patterns, and (3) AFib risk, as determined by an

existing validated model.

Results: Based on the characteristics of this cohort, a mean of 0.25% (n¼4.58, 95% CI, 2.0–8.0) of patients would

be candidates for new anticoagulation based on AFib identified by their Apple Watch. Using EHR data alone, we

find that only approximately 36% of the 1802 patients (n¼665.93, 95% CI, 626.0–706.0) would have anticoagula-

tion recommended even after a new AFib diagnosis.

Discussion and Conclusion: These data suggest that there is limited benefit to detect and treat AFib with antico-

agulation among this cohort, but that accessing clinical and demographic data from the EHR could help target

devices to the patients with the highest potential for benefit. Future research may analyze this relationship at

other sites and among other wearable users, including among those who have not linked devices to their EHR.
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BACKGROUND AND SIGNIFICANCE

Due to impaired blood flow, patients with atrial fibrillation (AFib)

are known to have a 5-fold increased stroke risk over those without

the diagnosis.1 Prophylactic anticoagulation is commonly utilized as

a means to reduce such risk.2 Unfortunately, anticoagulation is

known to be underutilized in this patient population, based in part

on underdiagnosis of AFib.3–5 As part of ongoing efforts to identify

patients who could benefit from anticoagulation, multiple studies

VC The Author(s) 2022. Published by Oxford University Press on behalf of the American Medical Informatics Association.

All rights reserved. For permissions, please email: journals.permissions@oup.com

1040

Journal of the American Medical Informatics Association, 29(6), 2022, 1040–1049

https://doi.org/10.1093/jamia/ocac009

Advance Access Publication Date: 22 February 2022

Research and Applications

D
ow

nloaded from
 https://academ

ic.oup.com
/jam

ia/article/29/6/1040/6534109 by C
hildren's M

ercy H
ospital user on 22 June 2023

https://orcid.org/0000-0001-6935-5844
https://academic.oup.com/
https://academic.oup.com/


have demonstrated promise in the utilization of photoplethysmogra-

phy (PPG) heart rate data collected from consumer-grade wearable

devices by identifying patients with suspected AFib outside of the

clinical setting. To do so, machine learning and other computational

approaches (eg, deep learning and time series analyses) have illus-

trated an ability to identify periods of AFib with high sensitivity and

specificity.6,7 However, simply identifying AFib does not necessarily

warrant anticoagulation for all patients. For example, there are

many patients who are already on anticoagulation, who have con-

traindications to anticoagulation, or for whom anticoagulation

would not be indicated, even with a diagnosis of AFib, based on an

otherwise low risk for stroke (eg, a young and otherwise healthy pa-

tient).

To date, it has been difficult to quantify the potential clinical

benefit of PPG monitoring because most studies of this topic either

use data from the electronic health record (EHR) or data from wear-

able devices. Studies using device data lack access to rich EHR data,

such that demographic and clinical characteristics are usually lim-

ited to a few simple data elements (eg, age or diagnosis of diabetes).

Instead, these data are typically self-reported, which may be limited

by patients’ knowledge of their health conditions. Similarly, EHR-

based studies have lacked granular device data, such that it is impos-

sible to know which high-risk patients are wearing devices and for

how long, much less to incorporate device data (eg, observed heart

rates) into a monitoring and care plan.

This study aims to directly address this gap, utilizing a health

system-wide data resource that includes both consumer-grade wear-

able device data and EHR data. We leveraged this real-world data

to estimate the proportion of wearable device users with potential to

benefit from anticoagulation following an AFib diagnosis.

MATERIALS AND METHODS

Study cohort and data
This analysis utilized data from an observational cohort of CS-Link

users, Cedars-Sinai Health System’s (CSHS) branding of the EpicCare

enterprise EHR product. CS-Link is used at Cedars-Sinai Medical

Center, a large, nonprofit hospital and at many local associated pro-

vider organizations both within and outside CSHS. Together, these

organizations provide multidisciplinary care across a socioeconomi-

cally diverse population.

Beginning in April 2015, to enable the EHR to provide a more

complete picture of patients’ health status, CSHS began inviting

patients to sync consumer-directed health devices directly with the

clinical EHR. While consumer interfaces initially supported only the

Apple HealthKit software framework, the platform has been ex-

panded to include applications and devices compatible with the

Google Fit, Fitbit, and Withings frameworks. Once linked, passively

collected data (eg, heart rate) are automatically uploaded into the

EHR daily. Prior publications by the study team describe adoption

of device linking, provide details around characteristics of early

adopters, and discuss early clinical efforts utilizing these data.8,9 An

overview of system architecture can be found in Figure 1.

Given the extended period of possible enrollment, this study uti-

lized only those patients who synced data through the HealthKit inter-

Figure 1. CS-link architecture diagram: Diagram of data flow for integration of Apple HealthKit devices with the Epic electronic medical record system. Ingested

data can be viewed by patients in the Epic patient portal and by caregivers within the Epic clinical user interface.
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face. Patients eligible for this study must have linked their device to

the EHR between April 25, 2015 and November 16, 2018. It is impor-

tant to note these data were sampled from a time before Apple

Watches actively alerted users to irregular heart rhythms. This time

window was selected to ensure no patients in the study had been diag-

nosed with AFib due to Apple Watch data. Otherwise, analysis would

risk underestimating potential benefit, as patients who had already

benefitted from the device would be excluded with a known diagnosis.

Patients <18 years of age were also excluded, as were any indi-

viduals who completed an explicit opt-out document excluding the

use of any EHR/portal data from use in research studies. The study

was approved by both the Cedars-Sinai and Children’s Mercy insti-

tutional review boards.

Data elements
For all eligible patients, data were extracted from two sources, de-

vice-level data and EHR data.

Device data

In addition to the raw synced data, integration with CS-Link

allowed us to leverage metadata for each datapoint including the

syncing platform (eg, Withings and Apple HealthKit) and a second-

level timestamp. All non-numeric data (the result of manual logging

on a respective platform) and those records with missing metadata

(platform and/or timestamp) were dropped prior to analysis.

Clinical data

As part of the Cedars-Sinai EHR, we were able to extract a compre-

hensive set of social, demographic, and clinical data on each patient.

These data included: demographics: (age, sex, race, and ethnicity),

anthropometric data (height, weight, and blood pressure), social

variables (smoking and alcohol use), diagnosis and procedure his-

tory, and medication history. Complete definitions for each variable

can be found in the Clinical data definitions section of the online

Supplementary Material.

Actionability criteria
To quantify the proportion of individuals likely to benefit from

detection of irregular heart rhythms through passive detection of

irregular heart rhythms on the Apple Watch, we defined several cri-

teria pertaining to aspects of actionability and risk. First, as the pri-

mary actionable course of care for patients with a recent AFib

diagnosis is anticoagulation therapy, we utilized EHR data to deter-

mine if each patient would be a candidate for anticoagulation should

AFib be detected (clinical candidates). Second, we identified individ-

uals who wore their devices at sufficient intervals to allow for AFib

detection based on passive detection algorithm criteria (wear pat-

terns). Finally, we estimated the 5-year AFib risk of each patient us-

ing a previously validated model (AFib risk). Detail around each

criterion can be found in the respective sections to follow.

Criteria 1: Clinical candidates for anticoagulation therapy

We first identified patients clinically ineligible for anticoagulation,

and those at a sufficiently low stroke risk such that anticoagulation

would not be warranted even in the case of an AFib diagnosis. Defi-

nitions for eligibility and thresholds for actionable stroke risk can be

found in Table 1. Furthermore, as this work centers on identifying

actionable AFib in the context of passive mHealth detection,

patients with an AFib diagnosis at the time of data extraction/assess-

ment were also considered ineligible, as it is expected action would

have already been taken should it have been warranted.

Criteria 2: Device wear patterns sufficient for detection

We next assessed device wear patterns of each patient to assess if

they were of sufficient length to allow for AFib detection given the

Apple Watch algorithm. In recent iterations of the Apple Watch,

passive monitoring from the heart rate sensor can notify users to ir-

regular heart rhythms including AFib. Per Apple’s documentation,

the watch requires “five out of six sequential tachograms—including

the initial one—to be classified as irregular within a 48-hour peri-

od,” before alerting the user.12 Once the first irregular pattern is

detected, accelerated sampling occurs at 15-min intervals. Theoriz-

ing the watch detected an irregular rhythm immediately as the de-

vice was placed on the user and the next four tachograms were all

irregular; a minimum of 60 min of wear time would be required to

receive an alert. In an effort to provide conservative estimates, this

duration of wear time must occur only one time after a user links

their device with the EMR to be considered eligible.

Table 1. Clinical criteria to be eligible for anticoagulation

Contraindication to anticoagulation: Patients with an absolute contraindication to anticoagulation were considered ineligible.

These included history of intracranial hemorrhage, intracranial mass, or end-stage liver

disease comorbid with several existing conditions including hepatic decompensation

esophageal varices, ascites, hepatic coma, peritonitis, or hepatorenal syndrome as defined

by Steinberg et al.10

Already anticoagulated: Patients who were already anticoagulated, as evidenced by anticoagulant prescriptions

within the 6 months prior to data extraction on November 16, 2018 were considered in-

eligible. Anticoagulants included any prescription for: warfarin, rivaroxaban, dabigatran,

apixaban, edoxaban, or fondaparinux.

Insufficient stroke risk to warrant anticoagulation: A CHA2DS2-VASc score was computed for each patient based on age, sex, and documenta-

tion of ICD-10 codes representing hypertension, stroke, vassal disease, and diabetes. De-

rived specifically for patients with AFib, CHA2DS2-VASc is a routinely utilized

assessment of stoke risk, with the intention to start anticoagulation for high-risk patients.

Specific codes to compute the score were drawn from the forward-backward ICD-10

mapping by Webster-Clark et al.11 Males with a score <1 and females with a score <2

were considered ineligible as they would likely not be placed on anticoagulation due to

their low stroke risk.

Abbreviation: AFib: atrial fibrillation; CHA2DS2-VASc: Congestive heart failure, Hypertension, Age � 75 years, Diabetes mellitus, Stroke, Vascular disease,

Age 65–74 years, Sex category (female); ICD: International Classification of Disease.
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As the tachograms must be sequential, and the Apple Watch

does not record pulse at set intervals (skipping measurements in the

event of movement or other anomalies), it was necessary to define

the period between pulse readings could be considered contiguous

wear. We again take a conservative approach, allowing for up to

30 min between measurements. Recent software is known to poll

for pulse data as infrequently as once per 10 min. Thus, we allow

for approximately two skipped readings which we believe to be rea-

sonable for an active individual.

Criteria 3: Future risk of developing AFib

Finally, to estimate the size of an actionable cohort, we needed an

estimate of the expected incidence of AFib among the cohort. To do

so, we utilized the previously validated CHARGE-AF model to com-

pute a 5-year AFib risk for each patient.13 Details of the estimation

can be found in the online Supplementary Material.

Data analysis
Our primary analysis estimated the actionable cohort size based on

each of eligibility and future risk criteria defined for each patient.

Rather than arrive at a singular number by filtering ineligible patients

we utilized a robust 10 000 iteration bootstrap to estimate the

expected proportion of individuals that would meet each criterion.

Each iteration began by resampling, with replacement, the study

cohort until the original size of the data was reached. From the

resampled cohort, patient’s ineligible for anticoagulation based on

clinical criteria 1 were removed, followed by those with insufficient

wear times as defined by criteria 2. To estimate incidence based on

the 5-year AFib probability obtained from criteria 3, we draw a ran-

dom value from a uniform distribution from 0 to 1 for each remain-

ing individual, where those with values above their CHARGE-AF

modeled risk were excluded. Given the bootstrap approach, this ran-

dom sampling allowed us to better represent an expected proportion

of patients at any stage more robustly to outliers (eg, rare individuals

with very high/low future AFib risk are likely present in fewer boot-

strap samples and thus less common in overall statistics).

In line with prior works, we also included an incidental identifica-

tion step, to simulate a percentage of individuals expected to have an

AFib diagnosis made during routine clinical care without the use of

mHealth devices.14,15 To do so, we sampled (without replacement)

those patients remaining after criteria 3 to drop a preset percentage,

initially set to the published rate of 36.09%. For completeness, we

assessed a range of possible rates at 20%, 10%, and 0%.

Across the 10 000 iterations, demographic statistics and 95%

confidence intervals were computed on both those patients who re-

main eligible as well as those dropped at each stage.

Review of high-risk patients
Taking the identification of actionable patients one step further, we

concluded with a case study of individuals to understand how this

framework could be used to identify high-risk patients for future

monitoring. We began the case study by identifying those patients

whose wear patterns made them strong candidates for detection of

AFib should it develop. This was quantified using two metrics.

1. The percentage of possible days a user wore the device.

a. Taking the first and last day a user-logged data from their de-

vice, we computed the percentage of days with any heart rate

data to obtain at a measure of wear regularity.

2. The percentage of wear sessions in which the device was worn

for >60 min.

a. Utilizing the same 30-min threshold to define gaps in wear

time, we computed the percentage of total wear intervals

long enough for a watch to detect AFib under ideal circum-

stances.

We isolated patients at or above the 50th percentile of both meas-

ures, as they represent the most likely to benefit from passive detec-

tion algorithms. Then, using the historically recorded heart rate

data, high-risk patients were ranked as follows. First a derived score

was created to quantify concerning high/low pulse measurements

from their device. Patients were given one-point if three occurrences

of pulse data fell below 40, two of which were at least 1 h apart,

and another point if five measurements were above 150, two of

which were at least 1 h apart. Ties were broken by sorting on esti-

mated 5-year AFib risk from the CHARGE-AF model, with predic-

tions rounded to the nearest 5%. Finally, any remaining ties were

broken by CHADS score indicating need for oral anticoagulation.

Demographics and pulse data for the top-five patients were

reviewed together by both a cardiologist informatician and internal

medicine informatician to confirm identified patients would warrant

strong consideration for anticoagulation.

RESULTS

As of November 16, 2018, patients had synced 3026 devices, the

majority of which were wearable devices (others included smart-

scales, blood pressure monitors, etc). In total 2051 patients synced

an Apple device to CS-Link during the study period. Of those, 113

opted-out from use of their data in research. As patients age and sex

were drawn from the linked EHR, and recent literature has sug-

gested maintaining unknown race/ethnicity data16 there were no

exclusions for missing demographic data. However, 136 patients

were removed as incomplete anthropometric data precluded the cal-

culation of a 5-year AFib risk score with the CHARGE-AF model.

In total this resulted in a study cohort of 1802 patients representing

over 64 million heart rate values across 291 464 total person days.

With respect to patient race, those who declined to answer

(n¼10) or left the field blank (n¼12) were grouped with those

recorded in the EHR as unknown (n¼111). For those with a docu-

mented race, 16 patients fell into low prevalence groupings, Ameri-

can Indian or Alaska Native (n¼3), and Native Hawaiian or Other

Pacific Islander (n¼11), both of which were aggregated as Other.

Similarly, those who declined to specify a Hispanic/Non-Hispanic

ethnicity (n¼12) or left the field blank (n¼11) were grouped with

those with ethnicity documented as Unknown (n¼102). For a small

subset (n¼105), alcohol use was not recorded in the recent visit,

and was thus not factored into the demographic summaries of use at

each bootstrap iteration. A complete breakdown of cohort demo-

graphics can be found in Table 2.

Looking first to the estimation of actionability, Figure 2 presents

the mean number of patients, the 95% conference interval, and the

bootstrap sampling distribution of eligible patients as they are fil-

tered from criteria 1 to 3. We find that using EHR data alone, there

is significant drop to only 36.96% of patients (bootstrapped mean

n¼665.93, 95% CI, 626.0–706.0) for whom anticoagulation

would be recommended even with a positive AFib diagnosis. Of

those only about 483.09 (95% CI, 447.0–520.0) are expected to

wear their Apple Watch enough for detection to be possible, repre-

senting only 26.81% of the total cohort. Finally, based on character-
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istics of the remaining cohort the estimated 5-year risk of AFib sug-

gests that only an average of 4.58 (95% CI, 2.0–8.0) of these

patients would be likely AFib positive and candidates for new anti-

coagulation based on AFib identified by their wearable device, rep-

resenting only 0.25% of the total eligible cohort.

Supplementary Figure S1 presents the same analytical results with

final cohorts obtained using incidental detection rates of 20%, 10%,

and 0%. However, given the low AFib risk across the cohort, these

values were only marginally different with the mean actionable cohort

size using the published detection rate moving from 4.58 patients

(36% identification rate) to 7.22 patients (0% identification rate).

Table 3 provides a detailed summary of the demographic profiles

for both the included and excluded patients at each estimation stage,

as well as the initial and final cohorts. For completeness, we sepa-

rated the risk estimation as determined by CHARGE-AF model and

the incidental detection steps into two columns (criteria 1–3:

Retained and Final, respectively). Additionally, we repeated the

analysis removing criteria 2 (Wear Time), allowing us to capture a

potential actionable cohort for whom we could focus monitoring

those most at risk. However, as our criteria for wear patterns were

highly conservative (most users wear the watch for a session of suffi-

cient length), results were only marginally different. Complete boot-

strap measures of the reduced framework can be found in

Supplementary Table S1.

Review of high-risk patients
Moving to the assessment of top-5 high-risk patients, Figure 3

presents an overview of their device heart rate data, while Table 4

provides detailed demographics of each. Dates were standardized to

a uniform start point for privacy. Clinical review of patients indi-

cated several notable characteristics considered worrisome for devel-

opment of AFib. These included age over 60, history of several

known clinical risk factors (eg, hypertension and diabetes), and so-

cial risks (eg, smoking and alcohol use). Inspection of heart rates fur-

ther supports labeling these individuals as high-risk for future

actionable AFib, highlighting several periods of low and high rates,

in some cases becoming more common over time. In each of the five

cases, physicians agreed that sufficient risk factors were present to

consider anticoagulation in any of these patients if they had abnor-

mal device data that led to a diagnosis of atrial fibrillation.

DISCUSSION

In seeking to estimate the potential for Apple Watches to benefit

users by identifying AFib, we accessed data from a population of

Apple device users who linked devices to the EHR. Based on the

clinical and demographic characteristics of this cohort, their watch

wear patterns, and their likelihood of developing AFib specified by

the CHARGE-AF model, we estimate that only 0.25% of these

patients would be candidates for new anticoagulation based on AFib

identified by their Apple device.

Although a number needed to wear (NNW) of 400 patients (1/

0.25% ¼ 400) to detect one case of AFib with potential to benefit

from anticoagulation may seem high, this is actually lower than the

NNW of 2741 implied by Perez et al,6 in which AFib was detected by

Apple Watch use in only 153 (0.04%) of 419 297 participants. Because

that study was limited by several real-world constraints (eg, only 21%

of patients who received irregular pulse notifications continued with

further testing), this may be a more accurate estimate of likely benefit.

To further improve estimates potential benefit to patients, it

would also be important to consider the number needed to treat

(NNT) for patients to benefit from anticoagulation in AFib. Recently

a net NNT (to provide net benefit when risks are also considered) of

34 with anticoagulation was estimated for AFib.17 Although Ding et

al estimate that NNT may drop as low as 11 for patients with a base-

line risk of stroke over 10%, that would still imply a NNW of

around 4000 (11�400¼4000), or over 27 000 (11�2741¼27 000)

based on Perez et al, to detect a case of AFib that would actually ben-

efit from anticoagulation (as opposed to the prior NNWs which ref-

erence the number needed to detect a case of AFib with potential to

benefit from anticoagulation). Even these estimates do not account

for the preference of some patients to avoid anticoagulation.

At least two important conclusions can be drawn from these esti-

mates. First, a randomized controlled trial to study the benefit of

consumer-directed heart rate monitoring devices in preventing

strokes would require either a massive sample size or an enriched

sample of patients very likely to experience stroke due to AFib. This

is especially important in the context of initial reports showing that

device users skew towards the young and healthy.6,8 For clinical

trialists or health care provider organizations seeking to identify

patients who could benefit most from such devices, the simple multi-

step protocol we used in this study may be especially helpful.

Second, because recent work found Apple Watch use to be asso-

ciated with increased health care utilization, it would be critical to

estimate and minimize the extent to which false positives increased

harm or utilization. For example, Wyatt et al18 found that among

264 patients who presented for clinical care following detection of

an abnormal pulse by a wearable device, only 30 (11.4%) resulted

in a clinically actionable cardiovascular diagnosis. Wang et al19

Table 2. Study cohort demographics

Missing Overall

N 1802

Age, years 0 45.96 (13.88)

Sex, male (n, %) 1154 (64.04)

Race (n, %) White 0 1223 (67.87)

Asian 179 (9.93)

Black or AA 153 (8.49)

Other 138 (7.66)

Unknown 109 (6.05)

Ethnicity (n, %) Hispanic 0 239 (13.26)

Non-Hispanic 1460 (81.02)

Unknown 103 (5.72)

Anthropometric Height, in 0 68.09 (4.07)

Weight, lbs 0 186.17 (44.79)

DBP, mmHg 0 77.44 (8.86)

SBP, mmHg 0 124.01 (13.25)

Risk factors (n, %)Hypertension 0 842 (46.73)

Diabetes 0 166 (9.21)

Smoking Hx 0 558 (30.97)

Alcohol use 105 1165 (68.65)

Surgery 0 8 (0.44)

Clinical factors Contraindicated (n, %) 0 36 (2.00)

Recent anticoagulation (n, %) 0 56 (3.11)

AFib diagnosis (n, %) 0 136 (7.55)

CHA2DS2-VASc 0 1.32 (1.44)

CHARGE-AF risk 0 1.31 (2.99)

Abbreviations: AA: African American; AFib: atrial fibrillation; CHARGE-

AF: Cohorts for Heart and Aging Research in Genomic Epidemiology Atrial

Fibrillation; CHA2DS2-VASc: Congestive heart failure, Hypertension, Age �
75 years, Diabetes mellitus, Stroke, Vascular disease, Age 65–74 years, Sex

category (female); DBP: diastolic blood pressure; SBP: systolic blood pressure.
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found that among 16 320 patients already known to have AFib,

wearable use was associated with increased health care utilization,

even after propensity matching for other factors, including heart

rate. Because Perez et al found no AFib in 66% of Apple Watch noti-

fications of possible AFib, it seems there would be substantial poten-

tial for false positives to detract from benefits accrued in cases of

new AFib diagnosis.

In exploring whether these high NNWs might ever be reduced, it

is instructive to consider which characteristics were most responsible

for reducing patient eligibility. Of all the aforementioned criteria,

clinical and demographic characteristics alone were sufficient to re-

veal the majority (63%) of patients in the study had no potential to

derive benefit from heart rate monitoring, at least via new identifica-

tion of AFib that would lead to anticoagulation. Although other stud-

ies of wearable devices have been able to query users about some

health conditions that raise the risk of stroke,6 many users may not

be able to report their health histories in the detail available in the

EHR. We would thus recommend that future studies using wearable

devices to detect AFib should consider accessing EHR data to identify

populations most likely to benefit before targeting them for devices.

Limitations
We recognize several limitations to this analysis. First, with respect

to the cohort itself, our data are from a single site, and thus may not

represent the clinical profile or wear patterns of the larger popula-

tion and of those who linked their devices at later times. However,

we believe datasets that include linked wearable data and complete

Figure 2. Cohort estimation results: the exclusion criteria for each stage of the cohort estimation bootstrap analysis are listed along with the mean patient count

remaining after each step. In addition, each step is listed along with 95% confidence interval (CI) for the cohort size, proportion of total analysis cohort, and sam-

pling distribution from the bootstrap analysis.
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Figure 3. Validation study heart rate: overview of heart rate measurements collected from the top-5 highest risk patients. Although the dates have been shifted,

the time between measurements has been maintained.
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EHR data are scarce, and opening discussion of how their combined

use can provide additional utility is valuable. Second, this analysis

only estimates anticoagulation benefit of identifying AFib. Although

we maintain this is the major benefit of detection, we would also ac-

knowledge that patients might benefit in other ways from a diagno-

sis of AFib (eg, cardioversion, ablation, and reducing alcohol

intake). Third, a larger sample size could help to reduce random er-

ror. However, even if the true percentage of patients with potential

to benefit was 0.5% (near the top of our 95% CI), our conclusions

regarding the importance of matching devices to high-risk patients

would still hold. Lastly, as all eligible patients in our cohort must

have enrolled in the CS-Link platform, is important to note potential

for latent bias related to those who engage in patient-portal usage. It

is well recognized that minority populations have been less likely to

be offered access and/or enroll in patient portals,20–22 and thus the

cohort on which actionability was assessed may be underrepresented

for the population at large. Future studies may consider more active

recruitment before assessing populations at risk. Moreover, we rec-

ognize the final actionability criteria entail an estimation of future

AFib. Although the CHARGE-AF model used to estimate this risk

was developed and validated on large and diverse cohorts, we see

how model features influence the final cohort. For example, individ-

uals with a documented White race were found to have higher odds

of future AFib (hazard ratio 1.59; 95% CI, 1.33–1.91). While find-

ing is concordant with epidemiologic studies,23 it fosters an in-

creased proportion of White individuals in the final cohort which

must be considered when interpreting the study results.

From a technical perspective, we attempted to use conservative

criteria to determine exclusions at every stage (eg, only requiring a

single day of sufficient wear time), suggesting that even this low esti-

mate of potential for benefit may be upwardly biased. As with all

ICD-based research, we cannot account for diagnoses not made or

documented. We recognize that due to missing diagnoses, the

CHADS score may be underestimated for some patients, for whom

a more complete evaluation may be undertaken if they were thought

to be at risk for AFib. Finally, we acknowledge these data were only

collected from devices linked to the EHR using Apple HealthKit.

Given the extended period in which Apple interfaces were synced

with CS-Link, this provided the most robust sample at the time of

analysis. It also allowed for a principled estimate of wear time eligi-

bility given the company’s public whitepaper.12 However, future

analyses would benefit from including data from other devices.

CONCLUSION

Analyzing data from patients who chose to connect their Apple

Watches to an EHR at one site suggests that only about 0.25% of

patients could derive clinical benefit from new identification of

AFib, at least in terms of anticoagulation benefit to reduce the risk

of stroke. Unless future research reveals higher potential for benefit

at other sites and or among other wearable users, impacting the

health of populations will require use of heart rate monitoring devi-

ces by patients with the greatest potential to benefit. Our analysis

shows good potential for using clinical and demographic data from

the EHR to identify these patients.
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