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Abstract

Background—Atrial fibrillation (AF) is a common and dangerous paroxysmal rhythm 

abnormality. Smartphones are increasingly used for mobile health applications by older patients at 

risk for AF and may be useful for AF screening.

Objectives—To test whether an enhanced smartphone app for AF detection can discriminate 

between sinus rhythm (SR), AF, premature atrial contractions (PACs) and premature ventricular 

contractions (PVCs).

Methods—We analyzed 219 2-minute pulse recordings from 121 participants with AF (n=98), 

PACs (n=15), or PVCs (n=15) using an iPhone 4S. We obtained pulsatile time series recordings in 

91 participants after successful cardioversion to sinus rhythm from pre-existing AF. The 

PULSESMART app conducted pulse analysis using 3 methods [Root Mean Square of Successive 

RR Differences; Shannon Entropy; Poincare plot]. We examined the sensitivity, specificity, and 

predictive accuracy of the app for AF, PAC, and PVC discrimination from sinus rhythm using the 

12-lead EKG or 3-lead telemetry as the gold standard. We also administered a brief usability 

questionnaire to a subgroup (n=65) of app users.
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Results—The smartphone-based app demonstrated excellent sensitivity (0.970), specificity 

(0.935), and accuracy (0.951) for real-time identification of an irregular pulse during AF. The app 

also showed good accuracy for PAC (0.955) and PVC discrimination (0.960). The vast majority of 

surveyed app users (83%) reported that it was “useful” and “not complex” to use.

Conclusions—A smartphone app can accurately discriminate pulse recordings during AF from 

sinus rhythm, PACs, and PVCs.
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Introduction

Atrial fibrillation (AF) is the most common heart rhythm abnormality in the U.S., with an 

estimated 5–6 million Americans affected.(1) Symptoms of AF can be non-specific and 

include palpitations, shortness of breath, or fatigue. In contrast to benign causes of 

palpitations, including premature atrial or ventricular contractions (PACs or PVCs), AF is 

associated with a 5-fold higher risk for stroke, 2-fold higher risk for heart failure, and 

reduced survival.(2),(3) Since paroxysms of AF can be brief and infrequent, effective 

detection of AF is challenging and often requires long-term outpatient cardiac monitoring.

(4) On this basis, a call for the development of new approaches for AF screening was issued 

by a National Institute of Health Heart Lung & Blood Institute Expert panel.(5)

The electrocardiogram remains the gold-standard for the diagnosis of atrial fibrillation. 

Unfortunately, existing cardiac monitors, with their multiple cables that must remain 

continuously attached to the body with electrodes, are burdensome, and suffer from poor 

patient adherence.(4) Implantable monitors are appropriate in high-risk populations (e.g., 

prior stroke) but remain limited for general use by the fact that they are costly and invasive.

(6) As many as 50% of patients with stroke who have paroxysms of AF as the cause may go 

undetected when screening ends at hospital discharge.(7) Therefore, less burdensome and 

longer-term methods for AF screening for populations with cryptogenic stroke remain 

crucial.

Smartphones are becoming increasingly pervasive throughout the general population, 

including older persons who are most at risk for AF.(8) It is estimated that more than 64% of 

adults own a smartphone, including 54% of those aged 50–64 years old and more than 27% 

aged >65 years old.(9) In addition to using smartphones for the Internet and telephone, older 

persons are also taking advantage of the health monitoring capability of smartphones. For 

example, a recent Swedish study (STROKESTOP) demonstrated that 50% of the entire 75–

76-year-old population screened was willing and able to use a small portable device to 

screen for AF multiple times per day.(10) In several recent studies conducted in diverse 

cohorts, the AliveCor system, which pairs a smartphone with proprietary technology 

enabling single lead ECG recording and rhythm analysis, has proven effective in screening 

for AF.(11,12)
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Although validated AF screening and monitoring smartphone applications exist, benign 

causes of pulse irregularity such as PACs and PVCs are common in the general population 

and confound many existing smartphone-based AF monitoring solutions.(13) This limitation 

leads to false positives and has heretofore limited the widespread acceptance of pulse-based 

smartphone AF screening.

We sought to test the hypothesis that pulse signals recorded using an out-of-the-box 

smartphone camera could be analyzed by a real-time realizable software algorithm 

comprised of 3 statistical methods and motion and noise artifact correction and would be 

able to distinguish AF from PACs, PVCs, and sinus rhythm.(14) The present study sought to 

build on our previous work by enriching our existing cohort with a diverse array of benign 

rhythm abnormalities likely to be encountered in an outpatient setting.(15)

Methods

Study Sample

The details of the original PULSEMART investigation have been published.(16) In brief, 

the original PULSESMART cohort included 76 participants with AF scheduled to undergo 

elective cardioversion at the University of Massachusetts Medical Center (UMMC). Original 

study participants had 2 minute pulse waveforms recorded before and after elective 

cardioversion by study staff using a labeled study iPhone 4S. Contemporaneous ECG-

telemetry data was recorded and used as a gold-standard for rhythm determination. For the 

present study, we enriched our sample with an additional 55 participants (22 adults with AF, 

15 with PACs, and 15 with PVCs) to create a cohort comprised of a more representative 

array of benign (PAC and PVC) and malignant (AF) causes of an irregular pulse. 

Differences in the characteristics of participants with AF in the newly recruited cohort 

(n=22) were compared to those in the original cohort (n=76, Supplemental Table 1). For all 

participants, after obtaining informed consent, baseline demographic, clinical and laboratory 

variables were abstracted from participants’ medical records by a trained staff member.

New participants with AF included in this analysis were recruited in the same manner of the 

original PULSESMART investigation. Two-minute pulse-recordings were obtained before 

and after cardioversion. Patients with frequent PACs or PVCs were identified from a roster 

of inpatients on the cardiac telemetry unit at the UMMC. Study staff performed a review of 

hospital telemetry recordings on a daily basis to identify patients with frequent ectopy. 

Patients with frequent PACs or PVCs were approached for study participation by study staff. 

After obtaining informed consent, a single 2-minute pulse recording was obtained from 

these participants using a study iPhone 4S while contemporaneous telemetry recording was 

performed. Telemetry strips were printed and reviewed off-line for the presence of PACs or 

PVCs. The frequency of atrial and ventricular ectopy (ectopic beats/min) was determined 

post-hoc from available rhythm strips (n=17). All iPhone pulse recordings were downloaded 

using a de-identified study number to enable post-processing and analysis.

A nested sub-study of app usability consisting of consecutive newly recruited participants 

not receiving anesthesia (n=65) was conducted using a standardized questionnaire. This 
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study was approved by the Institutional Review Boards of the University of Massachusetts 

Medical School and Worcester Polytechnic Institute (WPI).(16)

Rhythm determination

Trained physicians reviewed all ECG and/or telemetry data to determine heart rhythm using 

standard criteria. In cases where reviewers disagreed about the rhythm diagnosis, a “tie-

breaker” reader was consulted.

Signal Acquisition and Processing

Participants were asked to hold the iPhone 4S in their hand, with their right first or second 

finger on the standard camera and lamp for 2 minutes, during which time the pulse 

waveform was recorded (Figure 1). Pulse recordings were obtained with patients in the 

supine position. A video of user’s fingertip blood flow intensity at 640×480 pixel resolution 

is sampled at a rate of 30 frames/sec for 2 minutes. An average of the intensity values from 

the green band from the RGB video is analyzed. Algorithms perform beat-to-beat rhythm 

analysis from the pulse signal values. If the signal is deemed “too noisy,” to allow 

meaningful interpretation (e.g., excessive finger movement), the recording is cancelled and 

the user prompted to restart. As described in our prior work, the app uses a peak detection 

algorithm that includes motion noise correction, a filter bank with estimates of heart rate, 

variable cutoff frequencies, rank-order non-linear filters and decision logic.(16) The time 

required for computational processing of a 64-heartbeat (≈1 minute) pulse recording was 

≈20 msec on the iPhone 4S.(14)

Pulse Waveform Analysis Approach

The chaotic atrial electrical activity and resultant rapid, irregular ventricular response that 

characterizes AF generates a random heart beat sequence with increased beat-to-beat 

variability. Our approach to rhythm discrimination using the pulse recording is to combine 3 

validated statistical techniques (Figure 2).(17),(18) These include Root Mean Square of 

Successive Difference of RR intervals (RMSSD), Poincare plot (or Turning Point Ratio), 

and Shannon Entropy (ShE). RMSSD quantifies RR variability, ShE characterizes its 

complexity, and the Poincare plot can help distinguish AF from ectopic atrial or ventricular 

beats (PACs, PVCs, Figure 3).(18) Threshold values for RMSSD, ShE, and TPR were 

derived using the MIT-BIH AF and NSR (normal sinus rhythm) databases as well as our 

own previously published data.(16) We used threshold values of RMSDD = 0.1093, ShE = 

0.4890, Poincare Plot = 0.2, since these values corresponded to the largest area under ROC 

curves for each respective measure.(14)

Usability Questionnaire

In a subset of 65 English-literate inpatients at the UMMC who did not receive sedation and 

who consented separately for a usability assessment of the smartphone app, we administered 

a questionnaire focused on assessing the participants’ perception of PULSESMART app’s 

ease of use (e.g., “Overall, do you find the application to be [very difficult to very easy],” 

“In comparison to other heart rhythm monitors, do you consider the app to be [very difficult 

to very easy],”) and importance to their personal health (“If this app could determine your 
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heart rhythm, how important could this be for you: [not important-very important], “The app 

gives me reassurance: [agree-disagree]”). Participants responded to the questions using a 5-

point Likert scale. The internal consistency of the perceived importance component was 

excellent (cronbach’s α = 0.88; 8 items); the perceived difficulty subcomponent had only 

three items and therefore measurement of internal consistency was not appropriate.(19)

Data analysis

We analyzed all 219 pulse recordings derived from participants in the original 

PULSESMART cohort as well as from newly recruited participants with AF, PACs, or 

PVCs. We compared the characteristics of participants by rhythm status (pre-cardioversion 

AF, post-cardioversion sinus rhythm, PACs and PVCs). We then calculated the mean, 

median, and interquartile range for RMSSD and ShE, which were calculated for all 

participants. We then calculated test characteristics, including sensitivity, specificity, and 

accuracy, for the automated smart-phone based detection algorithm for AF, PACs, and 

PVCs when compared with the expert reviewer diagnosis (criterion standard) of sinus 

rhythm based on 12-lead ECG, using the threshold values of RMSSD, ShE and TPR/

Poincare plot, respectively.

Participants perception of the app was described using univariate dot plots since the 

instrument was developed specifically for this technology and the interpretation of summary 

data may not be as meaningful as the distribution of the data (20)

Results

The characteristics of the 121 participants included in our study are shown in Table 1. The 

mean age of the cohort was 66 years, 7% were non-white, and 18% were women. There was 

a high burden of comorbid cardiovascular diseases (e.g., hypertension, coronary artery 

disease, stroke) in the cohort and neither the demographic nor clinical characteristics 

appeared to vary significantly across rhythm categories (AF, PAC, or PVC). The 22 newly 

recruited participants with AF did not differ significantly with respect to demographic 

characteristics or burden of comorbid illnesses to those recruited for our original 

investigation (Supplemental Table 1). Participants with PACs and PVCs included in our 

post-hoc analysis had 11.1 PACs/minute and 17.5 PVCs/minute, respectively. The relative 

proportion of patients with benign (PAC and PVC) vs. malignant (AF) arrhythmias would 

be representative of high-risk populations, including those with cryptogenic stroke.

App Performance In a Sample with Diverse Arrhythmias

Using established threshold values of 0.1093 for RMSSD, 0.4890 for ShE, and 2.0 for 

Turning Point Ratio, we observed that the algorithm comprised of all three statistical 

methods exhibited excellent sensitivity (0.97), specificity (0.935), and diagnostic accuracy 

(0.951) for the detection of an irregular pulse from AF when compared to the gold-standard 

diagnosis of AF by 12-lead ECG (Table 2). Using the same methods and threshold values, 

the algorithm combining RMSSD, ShE and TPR showed modest sensitivity for PAC (0.667) 

and PVC detection (0.733), respectively. However, false positives were rare (only 1 PAC 
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and 1 PVC mischaracterized as AF by the application), and the specificity of the app for 

PAC (0.98), and PVC (0.976) detection was excellent.

Nested usability assessment

The demographic characteristics of the 65 participants that completed a usability assessment 

were similar to the overall study population. The majority of participants reported that the 

heart rhythm detection tool, or app, was “easy” or “very easy to use” (63%) and participants 

felt that the app could be “important” or “very important” (88%) to them if it could 

determine of their heart rhythm (Figure 4). Participants predominantly reported that app use 

was “reassuring,” “improve[d] my general well-being,” and could fit “very well” into their 

daily life (Figure 4).

Discussion

In this NHLBI-funded, prospective clinical investigation, we demonstrate that a novel 

arrhythmia detection application can reliably distinguish an irregular pulse from AF from 

sinus rhythm and other benign causes of cardiac rhythm abnormalities, including PVCs and 

PACs. The frequency of ectopic atrial beats and ventricular beats was high among 

participants during the period when rhythm analysis was conducted, equating to ≈16,000 

and ≈25,000 ectopic beats per day, respectively. False positives due to PACs and PVCs 

bedevil current smartphone-based monitoring solutions, including ECG-based systems such 

as Alivecor.(21) False positive detection of AF due to PACs and PVCs can create undue 

patient anxiety as well as have important clinical implications. Our findings suggest that use 

of motion and noise artifact plus statistical methods for analyzing pulse variability can 

eliminate a key source of false positives. Our work provides strong evidence that “out-of-

the-box” smartphone hardware can be harnessed for AF screening in a manner that is not 

intimidating to older, at-risk potential users.

AF is the world’s most common serious heart rhythm problem, affecting over 5 million 

Americans, and the prevalence of AF in the U.S. is expected to rise to 12 million in 2050.(2) 

In its early stages, most cases of AF are paroxysmal, making them difficult to identify early 

in the course of their disease. Excess annual national cost from treating AF patients is $26 

billion - and much of this cost relates to cardiac rhythm monitoring as well as treatment of 

secondary complications of AF, complications that are preventable if an early AF diagnosis 

is made and prophylactic therapies initiated.(22,23)

Nationwide efforts are underway to promote AF screening, particularly in patients with risk 

factors (67 million Americans) to avert strokes, heart failure, and death,(24) but the most 

commonly prescribed non-invasive AF monitors, including Holter and 30-day event 

monitors, have severe methodological shortcomings that result in low long-term adherence, 

delays in diagnosis, high cost, and adverse patient outcomes.(25) Monitors with automated 

AF detection capabilities (e.g., Medtronic REVEAL XT or LinQ systems) are approved for 

clinical use, but the invasive nature, cost, and technical limitations of this AF monitoring 

solution have limited their widespread application.(6)
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The ideal AF screening tool would be low-cost and would provide accurate and real-time 

realizable rhythm discrimination. Such a tool would have tremendous value for AF 

screening, particularly in rural areas and in the developing world.(26) Several mobile health 

solutions have been proposed to leverage the increasing use of smartphones among older 

persons,(26) in part driven by the ubiquity of these powerful devices worldwide as well as 

increasing interest in use of smartphones for health monitoring.(26) A recent study involving 

elderly patients demonstrated a willingness (>50% of those screened) and capacity to adhere 

to use of mobile health devices for AF screening among asymptomatic individuals. Not 

surprisingly, the vast majority of older patients who screened positive for AF were 

prescribed anticoagulants on the basis of these findings, impacting AF outcomes.(10)

Several heart rate apps are available, but these apps cannot analyze cardiac rhythm because 

they cannot distinguish between motion noise artifact and AF.(13),(27),(28) Another 

smartphone-based rhythm monitoring technology, AliveCor, is FDA-approved for single-

lead ECG-based manual and automated rhythm analysis.(11,12) In contradistinction to other 

available smartphone AF monitoring solutions, including AliveCor, our app does not require 

additional hardware and is powered by patented motion noise correction software.(24) 

Given that now at least 64% of the U.S. adult population already owns a smartphone, the 

majority of Americans already possess the potential hardware needed for such an app.(9)

Several prior studies from our group introduced the concept of using a smartphone camera 

to record the pulse, extract peak-to-peak intervals, and developed threshold values for 

RMSDD, ShE, and TPR.(14,16,29) In a prior clinical investigation, we reported the 

performance of our app comprised of 2 algorithms for AF detection, but this study excluded 

patients with common benign arrhythmias such as PACs or PVCs, thereby limiting its 

generalizability.(16) In this larger clinical study, we report the sensitivity, specificity and 

accuracy of a novel 3-phase real-time algorithm in a larger, more generalizable cohort and 

show that the app can accurately discriminate between AF, PACs, and PVCs.

Design of an app for AF detection has to be directed toward older persons, who, as 

technology “immigrants,” tend to not be ‘native’ to mobile technology use.(30) Although 

smartphone use is increasingly common (10% increase in the last 3 years) in seniors,(9) 

research indicates that physical difficulties, skeptical attitudes and difficulty leaning new 

technologies are barriers in this population(8), but that once they adopt new technologies, 

these often become integral to their lives.(30) Our finding that the vast majority of 

participants surveyed found the use of the app more useful than other health or heart rhythm 

devices highlights the simplicity of our approach. Moreover, they found the app “reassuring 

to [their] general sense of well-being,” and made them “conscious of [their] health,” 

suggesting that app users found the app empowering.

Future implementation research is needed to outline the ideal process associated with use of 

our app. We envision that use will differ across diverse healthcare environments, patient 

populations, and geographic regions. However, we expect that a “screen-positive” result 

from our app would be confirmed through the use of the gold-standard 12-lead ECG or 

ECG-based cardiac monitoring. If used in this fashion, we believe this software-based AF 

screening solution is well positioned to facilitate large scale AF screening across a diverse 
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array of environments, driving app users with rhythm irregularity to engage proactively in 

their own health and rhythm evaluation.

Strengths and Limitations

Pulse recording was conducted in a standardized, temperature and light-controlled 

environment.(16) It is possible that exposure to extreme temperatures could result in 

peripheral vasoconstriction, thereby deleteriously affecting pulse recording and app 

performance. In a similar manner, darker skin color might reduce the quality of the pulse 

recording and app performance. Despite the fact that ectopy was frequent among 

participants with PACs and PVCs, it is possible that very frequent atrial or ventricular 

ectopic beats could diminish app performance. Our application has not been tested in 

patients with atrial flutter or atrial tachycardia and although the non-random characteristics 

of these other atrial dysrhythmias makes it unlikely that the app would characterize them as 

AF, it may not be able to distinguish between them and sinus rhythm. Bright ambient light 

might also adversely affect the performance of our AF detection app by introducing noise, 

potentially leading to lower accuracy outside of the hospital setting. Further testing of the 

app in larger and ethnically diverse cohorts and a more diverse array of real-world settings is 

necessary.

Conclusions

In this novel analysis of 219 pulse waveform recordings, we show that we have developed 

an app capable of transforming a smartphone into a device capable of screening for AF in 

real-time in a cohort with a diverse array of benign arrhythmias likely to cause false 

positives using pre-existing systems. We have also demonstrated that our app running on 

“out-of-the-box” hardware is highly acceptable to older users. To our knowledge, no 

existing smartphone-based app for AF detection uses the combination of pattern recognition, 

computational speed, and robust noise cancellation routines that our app employs while 

requiring no additional hardware (i.e., special phone case or Bluetooth sensor). On this 

basis, we believe PULSESMART represents an exciting new platform to enhance AF 

screening. Plans for future development include an open trial and formative qualitative work 

with older users so that the app and its interfaces meet their needs.
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Refer to Web version on PubMed Central for supplementary material.
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Abbreviations

ECG electrocardiogram

AF atrial fibrillation
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Figure 1. 
A prototype of the Pulse Waveform Analysis Application running on an iPhone 4S. From 

left to right: iPhone 4S camera; fingertip applied to iPhone 4S camera; a representative 

recording from a patient in atrial fibrillation; a representative recording from a patient in 

normal sinus rhythm.
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Figure 2. 
A flowchart of the Pulse Waveform Analysis Algorithm
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Figure 3. 
a): Comparison of ECG RR intervals to pulse intervals obtained from an iPhone; b): an 

example illustrating how a premature atrial contraction results in a longer duration pulse 

interval and larger amplitude pulse beat when compared to a normal pulse beat.(12)
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Figure 4. 
Distribution of the nested (n=65) usability assessment for A) Perceived ease of use and B) 

Importance.
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Table 1

PULSESMART participant characteristics

Characteristics
AF

(n=98)
PAC

(n=15)
PVC

(n=15)
Sinus Rhythm

(n=91)*

Age, years, M (SD) 65.9 (12.2) 73.1 (5.9) 62.8 (13.8) 66 (11.9)

Sex, male, n (%) 70 (71.4) 11 (73.3) 9 (60) 63 (69.2)

White Race, n (%) 91 (92.9) 14 (93.3) 13 (86.7) 86 (94.5)

Body Mass Index, kg/m2, M (SD) 31.6 (8.5) 27.7 (8.4) 32.1 (8.6) 31.6 (8.1)

Medical Characteristics

  Hypertension 70 (71.4) 14 (93.3) 13 (86.7) 63 (69.2)

  Hyperlipidemia 59 (60.2) 10 (66.7) 10 (66.7) 56 (61.5)

  Current smoking 8 (8.2) 2 (13.3) 4 (26.7) 7 (7.7)

  Diabetes mellitus 26 (26.5) 6 (40) 4 (26.7) 25 (27.5)

  Coronary artery disease 24 (24.5) 4 (26.7) 4 (26.7) 23 (25.3)

  Congestive heart failure 27 (27.6) 7 (46.7) 8 (53.3) 22 (24.2)

  Sleep Apnea 17 (17.3) 2 (13.3) 3 (20) 14 (15.4)

  Stroke 10 (10.2) 4 (26.7) 3 (20) 8 (8.8)

Medical treatment

  Beta-blocker 64 (65.3) 8 (53.3) 9 (60) 61 (67)

  Calcium channel blocker 27 (27.6) 5 (33.3) 1 (6.7) 23 (25.3)

  Anti-arrhythmic drug

    Class I 8 (8.2) 0 (0) 0 (0) 8 (8.8)

    Class III 29 (29.6) 2 (13.3) 2 (13.3) 26 (28.6)

  Digoxin 7 (7.1) 1 (6.7) 1 (6.7) 5 (5.5)

Legend. AF = atrial fibrillation. PAC = premature atrial contraction. PVC = premature ventricular contraction.

*
91 of the 98 participants with AF were successfully converted to sinus rhythm.
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Table 2

Test Characteristics* for our Arrhythmia Detection Algorithm in 104 Subjects with Atrial Fibrillation, 91 with 

Sinus Rhythm, 14 with Premature Atrial Contraction, and 16 with Premature Ventricular Contractions.

Algorithm Sensitivity Specificity Accuracy

Atrial Fibrillation 0.970 0.935 0.951

Premature atrial Contraction 0.667 0.980 0.955

Premature ventricular contraction 0.733 0.976 0.960

*
Test Characteristics of Statistical Methods Established using the threshold values of RMSDD = 0.1093, Shannon Entropy = 0.4890, Poincare Plot 

= 0.2. RMSSD = Root Mean Square of Successive RR Differences
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