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ABSTRACT 

Background – Photoplethysmography (PPG) 

deriving applications may facilitate timely 

detection of atrial fibrillation (AF). However, some 

questions concerning the real-world performance of 

proprietary AF detection algorithms remain to be 

answered.  

Objective – To assess the diagnostic performance 

of FibriCheck’s proprietary AF detection algorithm 

by retrospective analysis of real-world data.  

Methods – Anonymous user data was extracted 

from the secured FibriCheck system. Every 

algorithm-based result was validated by trained 

medical technicians under the supervision of a 

cardiologist. Measurements that were either 

unrevised or revised as insufficient quality were 

excluded. The remaining measurements were 

classified as either non-AF or possible AF. 

Dichotomous comparison between the results 

enabled the determination of the performance on 

measurement and participant level. Possible 

differences in performance between different 

categories according to age, CHA2DS2-VASc 

score, and AF history were investigated.  

Results – In total, 409,299 validated measurements 

derived from 2,163 participants were included in 

the analysis. The algorithm yielded 98.7% 

sensitivity and 98.5% specificity on measurement 

level, while the analysis on participant level 

resulted in 99.0% sensitivity and 80.3% specificity. 

Similar results were obtained for each analysis 

according to age, CHA2DS2-VASc score, and AF 

history but as the AF prevalence and the median 

number of measurements per participant increased, 

so did the number of participants who received 

correct possible AF results on participant level. 

Conclusion – Although the algorithm was 

demonstrated to be an effective rule-out solution, 

human revision remains essential for specific AF 

detection. Further improvements of the algorithm 

might contribute to its implementation as a 

standalone solution in the real-world setting.                                

INTRODUCTION 

The heart’s electrical activity 

The cardiac conduction system (CCS) controls the 

generation and propagation of electrical impulses 

and hereby coordinates rhythmic contractions of the 

atria and ventricles (Figure 1) (1-3). The electrical 

impulses are usually generated by pacemaker cells 

located within the sinoatrial node and are 

subsequently propagated throughout the atria 

towards the atrioventricular node (AVN) (2, 3). 

Normally, the AVN is the only conductive tissue 

that connects the CCS between the atria and the 

ventricles. Furthermore, the AVN induces a delay 

in impulse propagation, which allows the ventricles  

 

to fill properly before their mechanical contraction 

(2). Next, the electrical impulse is rapidly 

conducted throughout the ventricles via the bundle 

of His, which is divided into left and right bundle 

branches. At last, the Purkinje fiber network is 

electrically activated, causing ventricular 

contraction which ejects the blood into the aorta    

(1, 3). The well-coordinated generation and 

propagation of electrical impulses by the CCS are 

essential to maintain rhythmic contractions that 

ensure proper cardiac function. Any impairment of 

the CCS may result in heart rhythm disorders, 

including atrial fibrillation (AF) (2). 
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Importance of screening for atrial fibrillation 

AF is the most common sustained cardiac 

arrhythmia with an estimated worldwide 

prevalence between 2 and 4% (4). Moreover, the 

AF prevalence is expected to rise a 2.3-fold in the 

coming decades, due to the aging population and 

the intensifying search for undiagnosed patients (5, 

6). Apart from the age, there are additional risk 

factors that may contribute to the development of 

AF, including hypertension, heart failure, and 

coronary artery disease. (7-10) AF is characterized 

by uncoordinated electrical activation of the atria, 

causing ineffective atrial contractions (i.e., 

fibrillation) (10). This may lead to impaired blood 

flow or blood stasis which can result in the 

formation of a thrombus. The dislodgement of such 

a thrombus can cause a cardioembolic stroke 

(Figure 2) (11, 12). Therefore, AF causes an 

approximate 3- to 5-fold increase in stroke risk 

(13). AF-related strokes are usually severe, highly 

recurrent, and often result in death or permanent 

disability (14-16). Apart from strokes, additional 

AF-related outcomes such as heart failure, 

increased hospitalization rate, and a 1.5- to 3.5-fold 

increased mortality rate may also impair the 

patient’s quality of life (10). Not only does AF have 

a profound impact on the patient’s life, but it also 

places a significant burden on societal health and 

the health economy (10). 

 

AF is generally considered as a progressive disease 

(17). The progression of AF is associated with 

adverse cardiovascular events and is attributed to 

atrial remodeling caused by various 

pathophysiological mechanisms (10, 18, 19). 

Although some AF patients may experience 

symptoms such as palpitations and dyspnea, more 

than 50% of the patients are initially asymptomatic 

(10, 20). Many of these asymptomatic AF patients 

will only seek help when symptoms or 

complications occur. This may lead to a delayed 

diagnosis by which AF progression has advanced 

already (10). Due to AF’s often infrequent and 

asymptomatic nature, more than 25% of AF 

patients receive their diagnosis only after an AF-

related stroke has occurred (21). However, timely 

AF detection allows for early intervention that may 

interrupt progression and reduce the stroke risk, 

thereby improving patient outcomes (17, 21). 

Therefore, the European Society of Cardiology 

(ESC) recommends opportunistic screening for AF 

by pulse taking or electrocardiogram (ECG) strip in 

patients from the age of 65 years (10). Not only will 

opportunistic screening facilitate timely AF 

detection in patients from the age of 65, but it is also 

more cost-effective than routine practice and 

systematic screening (22, 23). 

 

 

 

Figure 1: The cardiac conduction system. Electrical 

impulses are initiated in the sinoatrial node and 

propagate along the atrioventricular node towards the 

bundle of His and its branches. At last, the terminal 

Purkinje fibers are electrically activated and contraction 

occurs. 
 

Figure 2: Development of an AF-related stroke. Atrial 

fibrillation may lead to blood stasis and hereby promote 

thrombus formation. A dislodged thrombus may travel 

from the atrium towards the brain where it can occlude 

arterial blood vessels, causing a cardioembolic stroke. 
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Detection of AF via electrocardiography 

Conventionally, the cardiologist’s interpretation of 

an ECG is required to diagnose AF and a traditional 

12-lead ECG is hereby considered as gold standard 

(24-26). Usually, an ECG consists of discernable P 

waves, QRS complexes, and T waves representing 

atrial depolarization, ventricular depolarization, 

and ventricular repolarization, respectively 

(Figure 3) (24). The ESC states that clinical AF 

should be diagnosed via an ECG without 

discernible repeating P waves and with irregular 

RR intervals (RRIs) (10, 26). The sometimes brief 

and infrequent nature of AF complicates the 

diagnosis via the conventional 10-second ECG 

strip, hereby emphasizing the demand for more 

convenient AF screening tools (26, 27). To 

facilitate the detection of paroxysmal AF, 

innovative ECG technologies including patches, 

wearables, and handheld devices were developed 

(28). Some of these technologies are based on 

single-lead ECG and have been proven to be 

reliable with respect to 12-lead ECG as gold 

standard (28). The usage of these ECG technologies 

may facilitate remote heart rhythm monitoring and 

AF detection at relatively low costs and efforts 

compared to the traditional 12-lead ECG approach 

(29, 30). Despite the advantages of portable ECG 

technologies, their availability and scalability are 

subject to a major limitation caused by the need for 

additional, specific, and/or costly hardware (31). 

Evidently, there is a demand for innovative 

technologies that can overcome these hurdles. 

 

 

 

Detection of AF via photoplethysmography 

Ejection of oxygen-rich blood into the aorta causes 

arterial blood pressure waves and results in blood 

volume pulse variation (Figure 4) (31, 32). These 

volumetric changes are the result of blood pooling 

in the capillaries during systole and their 

subsequent relaxation during diastole (33). It is 

possible to study these volumetric changes by using 

an optical technique called photoplethysmography 

(PPG) (32-34). Traditional PPG systems consist of 

a light-emitting diode (LED) as a light source and a 

photodetector that can detect the amount of light 

that is reflected by dense capillary beds through the 

skin (32, 33). Hence, the built-in LED flashlight 

and camera or photodetector of a smartphone or 

smartwatch device enable the measurement of PPG 

signals without any additional hardware (33). 

 

Qompium NV (Hasselt, Belgium) developed the 

FibriCheck app that uses PPG technology to 

monitor heart rate and rhythm. This app is widely 

available on smartphones and several smartwatch 

devices and received regulatory approval by the 

Conformité Européenne (CE), the Food and Drug 

Administration (FDA), and the Therapeutic Goods 

Administration (TGA) (31, 34). Vandenberk et al. 

demonstrated the ability to use the app for heart 

rhythm detection by comparing peak-to-peak 

intervals (PPIs) and RRIs of simultaneously 

recorded PPG and single-lead ECG data (Figure 5) 

(33). The reported correlation of 99% between the 

corresponding PPIs and RRIs indicates that PPG 

could be used for heart rhythm monitoring (31, 33). 

Proesmans et al. validated the proprietary PPG-

based AF detection algorithm for smartphone use in 

Figure 4: Smartphone-based PPG signal acquisition. 

Arterial blood pressure waves result in volumetric 

changes within the dense capillary beds of the fingertip. 

This process can be studied by using a smartphone’s 

flashlight to illuminate the capillaries while the build-in 

camera measures the amount of reflected light. 

Figure 3: ECG comparison between sinus rhythm 

and AF. The sinus rhythm shows discernable P, QRS 

complexes and T waves, while the AF heart rhythm 

displays no discernable P waves and irregular RR 

intervals. 
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a primary care population. They reported 96% 

sensitivity and 97% specificity on participant level 

compared to traditional 12-lead ECG diagnosis by 

a cardiologist (31). In addition, Selder et al. 

indicated that the proprietary algorithm was able to 

detect AF based on wristband-derived PPG data 

and hereby obtained 100% sensitivity and 96% 

specificity on participant level by using a 

cardiologist’s diagnosis based on single-lead ECG 

as reference (35). Moreover, Verbrugge et al. 

reported that the use of the FibriCheck smartphone 

app is feasible and attractive for mass screening to 

detect AF (34). There is no need for any additional 

hardware and as the use of smartphones and 

smartwatch devices continues to increase, this app 

shows potential as a convenient, cost-effective, and 

non-invasive method for heart rhythm monitoring 

(31, 33, 34, 36).  

 

Research question 

The performance of FibriCheck’s AF detection 

algorithm has been thoroughly validated in various 

clinical settings (31, 37, 38). These studies recruited 

patients from primary and secondary care facilities, 

resulting in controlled patient populations. Apart 

from FibriCheck’s use in a controlled clinical 

setting, the app is also used in the real-world 

setting. This free-living setting results in a 

heterogeneous population with adults of all ages 

with various health conditions and comorbidities. 

Moreover, there is limited control over the user 

population and the time period in which data can be 

collected. This research was conceived because the 

real-world performance of the proprietary AF 

detection algorithm and its impact on the users has 

not yet been thoroughly investigated. In this study, 

we determine the performance of FibriCheck’s 

proprietary AF detection algorithm by analysis of 

real-world data with respect to offline human 

revision as gold standard. This study is not only an 

important addition to FibriCheck’s transparency, 

but may also provide novel insights into the real-

world performance and hereby lead to further 

improvement of the app and ultimately, better AF 

detection.  

 

EXPERIMENTAL PROCEDURES 

FibriCheck as data source 

Every FibriCheck user has to create an account and 

is hereby required to register age, gender, and 

country of residence. In addition, the users can 

voluntarily complete an in-app questionnaire at any 

time after their first measurement. This survey is 

used to collect additional information including 

medication use and possible comorbidities that 

enable an estimation of the stroke risk via the 

CHA2DS2-VASc (i.e., congestive heart failure, 

hypertension, age ≥ 75 years, diabetes mellitus, 

previous stroke, vascular disease, age 65-75 years 

and female sex) score. PPG signals are obtained 

during one-minute measurements by placing a 

fingertip on the smartphone or by applying a 

smartwatch device to the wrist (34). Each 

measurement is automatically analyzed by the 

proprietary AF detection algorithm. Users with paid 

premium subscriptions are able to perform an 

unlimited number of measurements that receive a 

secondary offline review by trained medical 

technicians under the supervision of a cardiologist 

within 48 hours. The duration of a subscription can 

vary from months to years and every user is advised 

to measure at least twice a day or when they 

experience symptoms. The exact number of 

measurements performed by a user is dependent on 

both duration of their subscription and their 

measurement behavior (i.e., compliance and 

motivation). Instructions to obtain a high-quality 

PPG signal are displayed on-screen before the first 

measurement takes place. It is preferred that users 

sit down with both arms resting on a firm surface, 

holding the smartphone vertically in their hand and 

placing the index finger of the other hand near the 

flashlight and on top of the backside camera, 

without putting firm pressure. Following these 

instructions is important to obtain high-quality PPG 

signals. However, additional factors including cold 

Figure 5: Comparison between ECG and PPG. Heart 

rhythm monitoring based on PPG is possible because the 

PPIs correspond to the RRIs from a simultaneously 

recorded ECG. The PPG signal displays the amount of 

reflected light and is conventionally inverted. 
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hands and callus formation can also decrease the 

obtained signal quality. After each measurement, 

information about the user’s activity and symptoms 

is requested. 

 

Data collection 

Anonymous premium user data from a period of 16 

months (January 2020 - April 2021) was extracted 

from the secured FibriCheck cloud. During this 

time window, 4 versions (1.3.1 - 1.3.4) of the 

proprietary algorithm were subsequently in 

production. This study complies with the 

Declaration of Helsinki and each participant 

granted permission to process their anonymized 

personal data for scientific and research purposes 

by accepting the Privacy Policy and the company’s 

Terms of Service before account activation.  

 

PPG data processing 

Each PPG measurement is automatically analyzed 

by the highly sensitive proprietary AF detection 

algorithm. This machine-learning algorithm 

consists mainly of a deep neural network and 

assigns each measurement to one of the following 

categories: insufficient quality (blue, quality), 

regular heart rhythm (green, normal), possible non-

AF irregularity (orange, warning), and possible AF 

(red, urgent). The non-AF irregularities include 

bradycardia (episodes), tachycardia (episodes), and 

frequent extrasystoles. After each measurement, the 

user receives immediate feedback from the 

algorithm. These results include the heart rate, heart 

rhythm, and a detailed measurement report with the 

PPG output and corresponding advice which can 

easily be shared with their physician. If the obtained 

measurements are of insufficient quality, 

instructions on how to enhance the quality during 

the next measurement are displayed. In case of a 

regular heart rhythm, the app indicates that there is 

no action required. For possible non-AF 

irregularities, the app informs the users that there is 

no immediate action required but does advise them 

to show their results to their treating physician, 

during the next scheduled visit. When a possible AF 

measurements is detected, the app indicates that 

immediate action is required and advises the user to 

consult their physician for further examination. The 

initial results from the algorithm’s automated 

analysis of premium data are either confirmed or 

corrected by the human revision that is included in 

FibriCheck’s premium services. For every raw PPG 

signal, a tachogram and Poincaré plot are created to 

facilitate human revision (Figure 6). The tachogram 

shows the time between successive PPIs in 

milliseconds, while the Poincaré visualizes the 

randomness of the heart rhythm by plotting each 

PPI relative to the previous PPI. 

Analysis of the diagnostic performance 

All measurements indicated as insufficient quality 

by the human revision were excluded from the 

analysis, along with all measurements that weren’t 

revised yet. Measurements reviewed as insufficient 

quality by the algorithm, regular heart rhythms, and 

possible non-AF irregularities were classified as 

non-AF measurements for a dichotomous 

comparison with the possible AF measurements. 

Revision of the PPG signal by trained medical 

technicians under the supervision of a cardiologist 

was used as gold standard to determine the 

algorithm’s diagnostic performance to detect AF. 

Diagnostic metrics including sensitivity, 

specificity, accuracy, positive predictive value 

(PPV), and negative predictive value (NPV) were 

calculated to determine the proprietary algorithm’s 

performance to detect AF. Calculations for the PPV 

and NPV were based on the AF prevalence within 

the corresponding population. 

 

The algorithm’s diagnostic performance was 

determined on measurement level by analysis of all 

human revised measurements. In addition, the 

performance on participant level was determined to 

gain more insight into the possible impact of the 

algorithm’s findings on the users. For this purpose, 

participants were classified according to the 

Figure 6: Measurement-derived data. Every 

measurement results in a raw PPG signal, tachogram and 

Poincaré plot. This particular measurement displays 

frequent ectopic beats and was classified as non-AF. 
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following 4 categories. True positive users received 

at least one possible AF measurement, confirmed 

by the human revision. These users were correctly 

advised to consult a medical professional. The 

false-positive users received at least one possible 

AF measurement, and all the received possible AF 

measurements were corrected by the human 

revision as non-AF. In this case, the absence of the 

human revision would have led to the wrong advice 

to consult a medical professional. Users who 

received exclusively non-AF measurements 

confirmed by the human revision were indicated as 

true negative users. These users received the correct 

advice that no (immediate) action was required. At 

last, false-negative users received exclusively non-

AF measurements, of which at least one was 

corrected by the human revision as possible AF. 

Without the human revision, these users would 

have been wrongly informed that there was no 

(immediate) action required.  

 

Additional analyses were performed to determine 

possible differences in the algorithm’s performance 

between different categories according to age, AF 

history, and CHA2DS2-VASc score that is used to 

estimate the stroke risk of AF patients. Participants 

were hereby classified according to 3 age groups 

(<40, 40-65, and >65), 2 AF history groups (no AF 

history and AF history), and 3 stroke risk groups 

(low, moderate, and high risk). For males, a 

CHA2DS2-VASc score of 0 indicated low risk, 1 

indicated moderate risk, and 2 or greater was 

considered as high risk. Females followed a similar 

classification in which the threshold of every risk 

group was increased by one due to their sex as a risk 

factor. The groups according to AF history and 

CHA2DS2-VASc score exclusively consisted of 

participants who voluntarily provided additional 

data about these characteristics via an in-app 

medical questionnaire. Shapiro-Wilk tests were 

used to test if variables were normally distributed. 

Normally distributed continuous variables were 

expressed by means and standard deviations, 

otherwise, these variables were expressed by 

medians and interquartile ranges (IQR). Fisher’s 

exact tests and Fisher-Freeman-Halton exact tests 

were used to determine if potential significant 

differences were present in the diagnostic metrics 

between groups. These statistical tests were 2-sided 

with a 5% significance level. RStudio (Version 

1.3.1073) was used to perform statistical analyses. 

RESULTS 

Study population 

A total of 2,168 users performed at least one 

measurement during the study period, resulting in a 

total of 429,270 measurements (Figure 7). In total, 

19,971 (4.7%) measurements were excluded 

because the human revision was either pending 

(n = 228) or indicated insufficient quality 

(n = 19,743). This resulted in the exclusion of 5 

participants for which no human revised 

measurements were present. As a result, the study 

population comprised 2,163 participants that 

performed 409,299 measurements (Table 1). Of 

these participants, 1,188 (54.9%) were men and the 

median age was 54 (IQR = 23) years. Additional 

information to determine the stroke risk was 

provided voluntarily by 2,085 (96.4%) participants. 

This portion of the study population included 508 

(24.4%) participants who had been previously 

diagnosed with AF and resulted in a median 

CHA2DS2-VASc score for stroke risk of 1 

(IQR = 2). 

 Total population 

(n = 2,163) 

Mandatory data (n = 2,163) 

   Age, years, median (IQR) 54 (23) 

   Male, n (%) 1,188 (54.9) 

Voluntary data (n = 2,085) 

   Hypertension, n (%) 602 (28.9) 

   Diabetes mellitus, n (%) 151 (7.2) 

   Vascular disease, n (%) 159 (7.6) 

   Heart failure, n (%) 150 (7.2) 

   Stroke (CVA / TIA), n (%) 113 (5.4) 

   Pacemaker, n (%) 40 (1.9) 

   Arrhythmias, n (%) 949 (45.5) 

   Atrial fibrillation, n (%) 508 (24.4) 

   Blood thinner, n (%) 611 (29.3) 

   CHA2DS2-VASc score, 

   median (IQR) 

1 (2) 

Abbreviations: IQR, interquartile range. AF, atrial 

fibrillation. CVA, cerebrovascular accident. TIA, 

transient ischemic attack.  

 

Table 1: Characteristics of the study population. 

Information about age and gender were mandatory and 

therefore provided by all 2,163 participants. Additional 

information was provided voluntarily by 2,085 (96.4%) 

participants via an in-app medical questionnaire. 
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Analysis of real-world PPG data 

Measurement level – The median number of 

measurements per participant was 59 

(IQR = 143.5). In 402,985 (98.5%) measurements, 

the algorithm’s result was confirmed by human 

revision (Supplementary Table 1). These correctly 

classified measurements included 12,916 true 

positives and 390,069 true negatives. The 

remaining 6,314 (1.5%) measurements were 

adjusted by human revision and consisted of 

6,140 false positives and 174 false negatives. This 

resulted in a sensitivity and specificity of 98.7% 

and 98.5%, respectively (Figure 8). Moreover, the 

human revision revealed an AF prevalence of 3.2%. 

Based on the obtained sensitivity, specificity, and 

prevalence, the algorithm yielded a PPV and NPV 

of 67.8% and 100%, respectively.  

 

Participant level – The algorithm’s results 

matched the definite result after the human revision 

in 1,813 (83.8%) participants (Supplementary 

Table 1). Most participants received correct results 

as 1,414 (65.4%) and 399 (18.5%) participants were 

classified as true negatives and true positives, 

respectively. Apart from these correct results, 346 

(16%) participants were classified as false positives 

and 4 (0.2%) as false negatives. These results 

yielded a sensitivity of 99.0% and specificity of 

80.3%. Although the sensitivity was similar 

compared to the measurement level, the specificity 

was relatively low (Figure 8). The medical 

technicians identified 18.6% of the participants as 

possible AF patients. In addition to the specificity, 

the PPV also showed a substantial decrease from 

67.8% on measurement to 53.6% on participant 

level. The NPV was 99.7% and hereby remained 

similar to the measurement level. 

 

 Diagnostic metrics per age group 

Measurement level – The participants younger 

than 40 years performed 70,201 (17.2%) 

measurements. The 40 to 65 year-olds performed 

220,159 (53.8%) measurements and 118,939 

(29.1%) measurements were performed by 

Figure 7: Study flowchart. The algorithm’s results were classified as either non-AF or possible AF and 

communicated to the participants together with corresponding advice. Next, the human revision took place and 

measurements of insufficient quality and pending revisions were excluded along with the participants who did not 

perform a single human revised sufficient quality measurement. At last, the results and their corresponding advice 

were either corrected or confirmed by the human revision. PPG, photoplethysmography. AF, atrial fibrillation. 
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participants older than 65 years (Supplementary 

Table 2). The sensitivities obtained for these age 

groups were 97.6%, 98.4%, and 99.1%, 

respectively, and their specificities 98.1%, 98.9%, 

and 97.9%, respectively. These results suggest that 

the sensitivity increases along with the age and that 

the highest specificity is obtained for 40-65 year-

olds. The sensitivity for participants older than 65 

was significantly higher than for 40 to 65 year-olds 

(P < 0.001) and participants younger than 40 

(P = 0.028). In addition, the sensitivity of <40 and 

40-65 age groups did not differ significantly 

(P = 0.349). The specificity for 40 to 65 year-olds 

was significantly higher than for participants 

younger than 40 (P < 0.001) and participants above 

65 years old (P < 0.001). At last, the specificity for 

the <40 age group was significantly lower 

(P < 0.001) than for the >60 age group. 

 

Participant level – This analysis included 495 

(22.9%) participants younger than 40 years along 

with 1,166 (53.9%) 40 to 65 year-olds and 502 

(23.2%) participants older than 65 years 

(Supplementary Table 3). The median number of 

measurements per participant (85.5, IQR = 236.3) 

was higher for participants older than 65 than for 

those from 40 to 65 year-olds (56, IQR = 129) and 

participants younger than 40 (39, IQR = 104.5). 

The following sensitivities were obtained arranged 

from the youngest to the oldest age group: 97.6%, 

98.4% and 100% (Figure 9). This trend is similar to 

the one found on the measurement level. The 

highest specificity of 83.3% was obtained for the 40 

to 65 year-olds, while the lowest specificity of 

74.8% was obtained for the youngest age group 

(Supplementary Table 4). The obtained PPV values 

increase towards the older age groups from 26.4% 

to 53,3% and 71.4%. The lowest NPV value of 

99.6% was calculated for participants between 40 

and 65 years old.  

 

Figure 8: Diagnostic performance on measurement level (n = 409,299) and participant level (n = 2,163) that 

reveal the algorithm’s performance to detect atrial fibrillation (AF) in a real-word population. Apart from the 

corresponding sensitivity and specificity, the AF prevalence on measurement level (3.2%) and on participant level 

(18.6%) were used to calculate the positive predictive value (PPV) and negative predictive value (NPV). 

Figure 9: Sensitivity and specificity on participant 

level per age group. 2,136 participants were classified 

in 3 groups according to age in years: <40 (n = 495), 40-

65 (n = 1,166) and >65 (n = 502). 
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Diagnostic metrics per risk group 

Measurement level – The largest portion of 

measurements was performed by participants at low 

risk and accounted for 160,038 (40.8%) 

measurements (Supplementary Table 5). The 

moderate-risk participants performed the smallest 

portion with a total of 104,299 (26.6%) 

measurements. Those at high risk performed the 

remaining 128,115 (32.6%) measurements. The 

sensitivity increased gradually along with the risk 

group from 98.3% at low risk to 98.9% at moderate 

risk, and 99.1% at high risk. The specificity reached 

its highest value of 98.9% in the moderate-risk 

group, followed by the low-risk group with 98.3% 

and the high-risk group with 98.1%. Although there 

was no significant difference (P = 0.439) between 

the sensitivity for the high and moderate risk 

groups, the sensitivity for low-risk participants was 

significantly lower than for the moderate risk 

(P = 0.047) and high-risk groups (P < 0.001). The 

specificity obtained for the moderate risk group was 

significantly higher than for the low risk 

(P = 0.002) and moderate risk group (P < 0.001). 

At last, the specificity for high-risk participants was 

also significantly lower (P < 0.001) than for low-

risk participants. 

 

Participant level – A total of 1,105 (53%) 

participants were at low risk and the remaining 980 

(47%) participants were almost equally spread 

among moderate and high-risk participants 

(Supplementary Table 6). The median number of 

measurements per participant increased from 53 

(IQR = 121) for low risk to 62 (IQR = 160) for 

moderate-risk and reached 83 (IQR = 214) for the 

high-risk group. The sensitivity reached its highest 

value of 99.4% for the high-risk participants and as 

the sensitivity for the moderate risk group was at its 

lowest with 99.0%, there was no gradual increase 

along with the risk present (Figure 10). However, 

the specificity did increase along with the risk from 

79.0% for low-risk to 80.3% for moderate-risk and 

83.0% for high-risk groups. As the CHA2DS2-

VASc score increased, so did the AF prevalence 

from 12.2% to 20.7% and 32.1%, respectively 

(Supplementary Table 7). The obtained PPV values 

increased substantially towards the high-risk group 

from 39.7% to 73.4%, while the NPV values of 

these groups decreased slightly from 99.9% to 

99.6%.  

 

Diagnostic metrics per AF history group 

Measurement level – A total of 148,792 

(37.9%) measurements were performed by the 

participants with a known history of AF. 

(Supplementary Table 8). The sensitivity for 

participants with a history of AF (99.0%) was 

higher than for those without previously diagnosed 

AF (98.6%). On the contrary, the specificity was 

lower for participants with a history of AF (98.2%) 

than for those without (98.5%). Fisher’s exact tests 

revealed that both sensitivity (P = 0.025) and 

specificity (P < 0.001) differed significantly 

between these 2 groups. 

 

Participant level – In total, 508 (24.4%) 

participants indicated that they were previously 

diagnosed with AF (Supplementary Table 9). 

These participants with a known history of AF 

obtained 105 (IQR = 211.3) as the median number 

of measurements per participant. This was 

substantially higher than the median of 51 

(IQR = 125) obtained for participants without AF 

history. Both sensitivity (100%) and specificity 

(80.2%) were the highest for the participants 

without AF history (Figure 11). The sensitivity and 

specificity for participants with AF history yielded 

98.7% and 79.5%, respectively. The group with AF 

history obtained the highest prevalence of 44.3% 

(Supplementary Table 10).  

 

Figure 10: Sensitivity and specificity on participant 

level per risk group. 2,085 participants were classified 

in 3 groups according to their CHA2DS2-VASc score: 

Low (n = 1,105), moderate (n = 487) and high risk 

(n = 493). 
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DISCUSSION 

The real-world diagnostic performance 

In this study, the performance of FibriCheck’s AF 

detection algorithm was determined by 

retrospective analysis of real-world data. It is 

therefore important to note that the results obtained 

during this study refer to the performance of the 

algorithm as a standalone solution (i.e., if we were 

to exclude the human revision). Therefore, the 

reported results may not be confused with the 

performance of the entire FibriCheck application, 

which includes both an analysis by the algorithm 

and a revision by medical technicians under the 

supervision of a cardiologist.  

 

The overall sensitivity on measurement level was 

98.7% and increased slightly to 99.0% on 

participant level (Figure 8). In addition, the NPV 

was 100% on measurement and decreased slightly 

to 99.7% on participant level. These results confirm 

that the algorithm is highly sensitive for the 

detection of AF. As a result, only few 

measurements caused a false negative result, which 

indicates that the algorithm is a reliable tool to rule 

out the presence of AF in a real-world population. 

However, the algorithm’s specificity decreased 

from 98.5% on measurement level to 80.3% on 

participant level and a similar trend was seen for the 

PPV of 67.8% on measurement level and 53.6% on 

participant level. On both levels, the sensitivity was 

higher than the specificity and the NPV was higher 

than the PPV. These results indicate that the 

algorithm is less specific than it is sensitive to 

detect AF. Although it was indicated that the 

algorithm is highly sensitive for AF detection, 

further improvement regarding the specificity is 

required to enable its use without additional human 

revision. This was confirmed by comparison of the 

53.6% PPV that was obtained on participant level 

with the 71% PPV that was reported by the Apple 

Heart study in which a real-world population was 

monitored using the Apple Watch PPG sensor and 

received an ECG patch analysis to diagnose 

possible AF upon the detection of irregular 

tachograms (39).  

 

Although FibriCheck’s proprietary algorithm may 

not offer a standalone solution to detect AF yet, the 

combination of the algorithm and a human revision 

does enable the use of the FibriCheck application as 

a reliable and convenient tool to detect AF. 

Therefore, these results highlight the importance of 

human revision by FibriCheck’s trained medical 

technicians which has been proven reliable with 

90.9 to 96.2% sensitivity and 97.8 to 98.8% 

specificity compared to 12-lead ECG diagnosis by 

a cardiologist. This human revision includes the 

raw PPG signal and is facilitated by the 

implementation of the tachogram and Poincaré plot. 

Apart from the trained medical technicians, Gruwez 

et al. indicated that physicians were also able to 

perform these PPG revisions with 95.5% sensitivity 

and 92.5% specificity compared to a 12-lead ECG 

diagnosis by a cardiologist and hereby achieved a 

similar diagnostic accuracy as for single-lead ECG 

measurements. (40). This highlights the potential of 

training physicians to revise the PPG signals for 

their patients and might enhance the accessibility of 

FibriCheck as a reliable tool for AF detection. 

Moreover, van der Velden et al. recently reported a 

structured stepwise practical guide on PPG signal 

interpretation which was developed based on 

presented experiences from TeleCheck-AF and will 

facilitate the implementation of PPG technology in 

the management of AF patients (41).  

 

Additional analyses 

The algorithm’s performance per age, risk, and AF 

history group obtained results similar to the overall 

sensitivity, specificity, accuracy, and NPV on both 

the measurement and participant level. However, a 

Figure 11: Sensitivity and specificity on participant 

level per atrial fibrillation (AF) history group. 2,085 

participants were classified in 2 groups according to their 

history of AF: No history of AF (n = 1,577) and history 

of AF (n = 508)  
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clear trend was indicated by which the PPV on 

participant level increased together with the age, 

risk, and presence of AF history. For every 

additional analysis, this increase in PPV was 

associated with an increase in AF prevalence and 

the median number of measurements per person.  

 

This trend was the most pronounced in the analysis 

of different age groups where the PPV values 

increased towards the older age groups from 26.4% 

for the <40 age group to 71.4% for the >65 age 

group. This 71.4% PPV value for participants older 

than 65 years is substantially higher than the 60% 

PPV that is reported by the Apple Heart study for 

participants from 65 years of age (39). This may 

indicate that the use of FibriCheck’s algorithm as a 

standalone solution for AF detection is more 

reliable than the use of the Apple Watch PPG 

technology for people older than 65. The AF 

prevalence increased from 8.5% for participants 

younger than 40 to 34.3% for those older than 65 

(Figure 12). This increase in AF prevalence was 

expected because advanced age is a major risk 

factor for AF. The median number of measurements 

per participant increased along with the AF 

prevalence too (Figure 13). The more 

measurements a person performs, the higher the 

probability of gaining at least one true positive, 

false positive, or false negative. As the true negative 

measurements obtained the lowest priority, 

participants who performed a lot of measurements 

were more likely to become classified as true 

positive, false positive, or false negative on 

participant level. The specificity is hereby affected 

the most and its decrease should also lower the PPV 

in these groups. However, the increased AF 

prevalence in these older groups affected the PPV 

more positively and caused an overall increase 

along with the AF prevalence and an increased 

median number of measurements per participant. 

 

Moreover, it was expected that the algorithm would 

classify measurements from healthy young adults 

with an increased heart rate variability (HRV) as 

false positives instead of true negatives and hereby 

lower the specificity of participants younger than 

65. Although the specificity on participant level 

was at its lowest in the <40 age category with 

74.8%, the 40-65 age group obtained the highest 

specificity of 83.3% (Figure 9). Therefore, there 

was no clear trend present that indicated the 

expected decrease of specificity along with a 

younger age. However, this may suggest that the 

more pronounced HRV that is present in adults 

younger than 40 does affect the specificity and 

requires more attention in future research. 

 

Importance and future perspectives 

This study provides novel insights into the 

algorithm’s real-world performance and hereby 

demonstrates the impact that FibriCheck has on its 

users. Moreover, this work is an important addition 

to FibriCheck’s transparency towards its (future) 

users by enlightening both the strengths and the 

Figure 12: Prevalence of atrial fibrillation (AF) on 

participant level for each age group. 2,136 participants 

were classified in 3 groups according to their age. 

Figure 13: Median of measurements per participant 

for each age group. Interquartile ranges are indicated by 

the error bars.  
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challenges that remain before FibriCheck can offer 

the algorithm as a standalone solution to detect AF. 

The findings of this study may also help 

FibriCheck’s ongoing quest of investigating ways 

on how to improve the proprietary algorithm. In 

addition, this study emphasizes the important role 

of human revision in the current FibriCheck 

application. Therefore, it is suggested that training 

physicians in revising the PPG signals of their 

patients could greatly improve the accessibility of 

FibriCheck as a good candidate for AF detection 

and follow-up of patients who are diagnosed with 

AF. Both healthcare professionals and their patients 

benefit from the results of this study as it may 

increase the implementation of FibriCheck as a 

convenient, cost-effective, and non-invasive 

method for heart rhythm monitoring. Further 

research is required to determine if the algorithm’s 

performance is influenced by the presence of 

certain risk factors. For this purpose, it may be 

interesting to study the algorithm’s performance in 

different groups according to specific risk factors in 

a setting where there is a controlled measurement 

behavior. Although FibriCheck could benefit from 

a more specific algorithm, it would be unfavorable 

to diminish the highly sensitive nature to obtain a 

more specific one, as this would result in more 

false-negative results. Ideally, future versions of the 

algorithm will display both highly sensitive and 

highly specific behavior to function as a standalone 

solution for AF detection. The findings of this study 

suggest that FibriCheck can already benefit from 

the use of the proprietary algorithm as a standalone 

solution to rule out the presence of AF in the real-

world population. However, this would require 

some adjustments in FibriCheck’s workflow such 

as the implementation of a score that indicates just 

how sure the algorithm is about its findings. 

Evidently, the non-AF measurements would 

receive a very high score and would therefore not 

require human revision, while the possible AF 

measurements would receive a lower score and a 

subsequent human revision. This would allow for 

more efficient human revision and increase 

FibriCheck’s cost-effectiveness and review 

capacity without loss of its accuracy. 

 

Limitations 

There are some limitations to this study that should 

be considered. Firstly, although the revision of all 

measurements was performed by experienced 

medical technicians under the supervision of a 

cardiologist, there was no 12-lead ECG available to 

confirm the diagnosis of AF according to the ESC 

recommendations. Secondly, as the results from the 

algorithm’s automated analysis were visible to the 

reviewer, there might have been a certain bias by 

which the medical technician may have been more 

inclined to confirm the algorithm’s findings, rather 

than correcting them. Thirdly, although one 

participant can perform multiple measurements, all 

measurements were considered to be independent 

for the statistical tests on measurement level. 

Finally, no follow-up data was available about the 

therapeutic interventions and diagnostic outcomes 

of participants with possible AF.  

 

CONCLUSION 

FibriCheck’s AF detection algorithm showed 

promising results to rule out the presence of AF in 

the analyzed real-world population. However, 

further improvement of the proprietary algorithm is 

key to increase its implementation as a standalone 

solution for specific AF detection in the real-world 

setting. While FibriCheck is continuously 

investigating ways on how to improve the 

algorithm, it already manages to overcome this 

hurdle by offline human revisions that can be 

performed by either trained medical technicians or 

physicians. This synergy between the algorithm and 

human revision is crucial for the use of FibriCheck 

as a reliable tool for opportunistic AF screening and 

telemonitoring. In addition, this study suggests that 

the algorithm’s performance varies across 

populations with differences in prevalence and 

measurement behavior. However, further research 

is required to determine if the presence of AF risk 

factors in such populations influence the 

algorithm’s performance too. 
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SUPPLEMENTARY INFORMATION 

 
Supplementary Table 1: Diagnostic metrics for the total population on measurement level and participant level. 
 

 Measurement level  

(n = 409,299) 

Participant level  

(n = 2,163) 

True positives, n (%) 12,916 399 

False positives, n (%) 6,140 346 

True negatives, n (%) 390,069 1,414 

False negatives, n (%) 174 4 

Sensitivity, (%) 98.7 99.0 

Specificity, (%) 98.5 80.3 

Accuracy, (%) 98.5 83.8 

PPV, (%) 67.8 53.6 

NPV, (%) 100 99.7 

Prevalence, (%) 3.2 18.6 

Abbreviations: NPV, negative predictive value. PPV, positive predictive value. 

 

 

Supplementary Table 2: Diagnostic metrics per age group on measurement level. 
 

 < 40 years 

(n = 70,201) 

40-65 years  

(n = 220,159) 

>65 years  

(n = 118,939) 

True positives, n 289 6,488 6,139 

False positives, n 1,314 2,436 2,390 

True negatives, n 68,591 211,126 110,352 

False negatives, n 7 109 58 

Sensitivity, (%) 97.6 98.4 99.1 

Specificity, (%) 98.1 98.9 97.9 

Accuracy, (%) 98.1 98.8 97.9 

PPV, (%) 18.0 72.7 72.0 

NPV, (%) 100 100 100 

Prevalence, (%) 0.4 3 5.2 

Measurements per participant, 

n, median (IQR) 

39 (104.5) 56 (129) 85.5 (236.3) 

Abbreviations: NPV, negative predictive value. PPV, positive predictive value. 

 

 

 

 

 

 

 

 

 

 

 

 



                           Senior internship - 2nd master Bioelectronics and Nanotechnology 

18 
 

Supplementary Table 3: Characteristics per age group. All 2,163 participants provided information about age and 

gender upon registration. Additional information was provided voluntarily by 2,085 (96.4%) participants via an in-

app medical questionnaire. 
 

 < 40 years 

(n = 495) 

40-65 years  

(n = 1,166) 

>65 years  

(n = 502) 

Mandatory data points, n 495  1,166 502 

   Age, years, median (IQR) 33 (8) 54 (12) 71 (7) 

   Male, n (%) 231 (46.7) 614 (52.7) 343 (68.3) 

Voluntary data points, n 459 1,131 495 

   Hypertension, n (%) 49 (10.7) 313 (27.7) 240 (48.5) 

   Diabetes mellitus, n (%) 14 (3.1) 72 (6.4) 65 (13.1) 

   Vascular disease, n (%) 9 (2) 70 (6.2) 80 (16.2) 

   Heart failure, n (%) 10 (2.2) 67 (5.9) 73 (14.8) 

   Stroke (CVA / TIA), n (%) 13 (2.8) 50 (4.4) 50 (10.1) 

   Pacemaker, n (%) 3 (0.7) 19 (1.7) 18 (3.6) 

   Arrhythmias, n (%) 127 (27.7) 479 (42.4) 343 (69.3) 

   Atrial fibrillation, n (%) 32 (7) 238 (21) 238 (48.1) 

   Blood thinner, n (%) 23 (5) 274 (24.2) 314 (63.4) 

   CHA2DS2-VASc score, 

   median (IQR) 

1 (1) 1 (1) 2 (1) 

Abbreviations: IQR, interquartile range. AF, atrial fibrillation. CVA, cerebrovascular accident. TIA, transient 

ischemic attack. CHA2DS2-VASc, congestive heart failure, hypertension, age, diabetes mellitus, stroke, vascular 

disease, and sex category. 

 

 
Supplementary Table 4: Diagnostic metrics per age group on participant level 

 

 < 40 years 

(n = 495) 

40-65 years  

(n = 1,166) 

> 65 years  

(n = 502) 

True positives, n 41 186 172 

False positives, n 114 163 69 

True negatives, n 339 814 261 

False negatives, n 1 3 0 

Sensitivity, (%) 97.6 98.4 100 

Specificity, (%) 74.8 83.3 79.1 

Accuracy, (%) 76.8 85.8 86.3 

PPV, (%) 26.4 53.3 71.4 

NPV, (%) 99.7 99.6 100 

Prevalence, (%) 8.5 16.2 34.3 

Abbreviations: NPV, negative predictive value. PPV, positive predictive value. 
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Supplementary Table 5: Diagnostic metrics per risk group on measurement level. The analysis per risk group 

was based on the 2,085 (96.4%) participants that voluntarily provided additional information via an in-app medical 

questionnaire. The remaining 78 (3.6%) participants did not provide the information necessary for CHA2DS2-VASc 

score calculation. 
 

 Low risk 

(n = 160,038) 

Moderate risk 

(n = 104,299) 

High risk 

(n = 128,115) 

True positives, n 2,422 3,179 6,644 

False positives, n 2,685 1,117 2,259 

True negatives, n 154,889 99,969 119,152 

False negatives, n 42 34 60 

Sensitivity, (%) 98.3 98.9 99.1 

Specificity, (%) 98.3 98.9 98.1 

Accuracy, (%) 98.3 98.9 98.2 

PPV, (%) 47.5 74.1 74.6 

NPV, (%) 100 100 100 

Prevalence, (%) 1.5 3.1 5.2 

Measurements per participant, 

n, median (IQR) 

53 (121) 62 (160) 83 (214) 

Abbreviations: NPV, negative predictive value. PPV, positive predictive value. 

 

 
Supplementary Table 6: Characteristics per risk group. The analysis per risk group was based on the 2,085 

(96.4%) participants that voluntarily provided additional information via an in-app medical questionnaire. The 

remaining 78 (3.6%) participants did not provide the information necessary for CHA2DS2-VASc score calculation. 
 

 Low risk 

(n = 1,105) 

Moderate risk  

(n = 487) 

High risk 

(n = 493) 

Mandatory data points, n 1,105  487 493 

   Age, years, median (IQR) 45 (18) 59 (17) 68 (12) 

   Male, n (%) 540 (49) 274 (56) 334 (68) 

Voluntary data points, n 1,105 487 493 

   Hypertension, n (%) 0 (0) 270 (55.4) 332 (67.3) 

   Diabetes mellitus, n (%) 0 (0) 27 (5.5) 124 (25.2) 

   Vascular disease, n (%) 0 (0) 21 (4.3) 138 (28) 

   Heart failure, n (%) 0 (0) 36 (7.4) 114 (23.1) 

   Stroke (CVA / TIA), n (%) 0 (0) 0 (0) 113 (22.9) 

   Pacemaker, n (%) 7 (0.6) 15 (3.1) 18 (3.7) 

   Arrhythmias, n (%) 372 (33.7) 251 (51.5) 326 (66.1) 

   Atrial fibrillation, n (%) 141 (12.8) 143 (29.4) 224 (45.4) 

   Blood thinner, n (%) 86 (7.8) 174 (35.7) 351 (71.2) 

   CHA2DS2-VASc score, 

   median (IQR) 

1 (1) 1 (1) 3 (2) 

Abbreviations: IQR, interquartile range. AF, atrial fibrillation. CVA, cerebrovascular accident. TIA, transient 

ischemic attack. CHA2DS2-VASc, congestive heart failure, hypertension, age, diabetes mellitus, stroke, vascular 

disease, and sex category. 
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Supplementary Table 7: Diagnostic metrics per risk group on participant level. The analysis per risk group was 

based on the 2,085 (96.4%) participants that voluntarily provided additional information via an in-app medical 

questionnaire. The remaining 78 (3.6%) participants did not provide the information necessary for CHA2DS2-VASc 

score calculation. 
 

 Low risk 

(n = 1,105) 

Moderate risk 

(n = 487) 

High risk 

(n = 493) 

True positives, n 134 100 157 

False positives, n 204 76 57 

True negatives, n 766 310 278 

False negatives, n 1 1 1 

Sensitivity, (%) 99.3 99.0 99.4 

Specificity, (%) 79.0 80.3 83.0 

Accuracy, (%) 81.5 84.2 88.2 

PPV, (%) 39.7 56.8 73.4 

NPV, (%) 99.9 99.7 99.6 

Prevalence, (%) 12.2 20.7 32.1 

Abbreviations: NPV, negative predictive value. PPV, positive predictive value. 

 

 
Supplementary Table 8: Diagnostic metrics for participants with atrial fibrillation (AF) history and without 

AF history on measurement level. The analysis per AF history group was based on the 2,085 (96.4%) participants 

that voluntarily provided additional information via an in-app medical questionnaire. The remaining 78 (3.6%) of 

participants did not provide information about a possible history of AF. 
 

 No history of AF 

(n = 243,660) 

History of AF 

(n = 148,792) 

True positives, n 3,255 8,990 

False positives, n 3,601 2,460 

True negatives, n 236,756 137,254 

False negatives, n 48 88 

Sensitivity, (%) 98.6 99.0 

Specificity, (%) 98.5 98.2 

Accuracy, (%) 98.5 98.3 

PPV, (%) 47.5 78.5 

NPV, (%) 100 99.9 

Prevalence, (%) 1.4 6.1 

Measurements per participant, 

n, median (IQR) 

51 (125) 105 (211.3) 

Abbreviations: NPV, negative predictive value. PPV, positive predictive value. 
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Supplementary Table 9: Characteristics of participants with atrial fibrillation (AF) history and without AF 

history. The analysis per AF history group was based on the 2,085 (96.4%) participants that voluntarily provided 

additional information via an in-app medical questionnaire. The remaining 78 (3.6%) participants did not provide 

information about a possible history of AF. 
 

 No history of AF 

(n = 1,577) 

History of AF 

(n = 508) 

Mandatory data points, n 1,577  508 

   Age, years, median (IQR) 50.4 (21) 63.8 (15) 

   Male, n (%) 812 (51.5) 336 (66.1) 

Voluntary data points, n 1,577 508 

   Hypertension, n (%) 391 (24.8) 211 (41.5) 

   Diabetes mellitus, n (%) 105 (6.7) 46 (9.1) 

   Vascular disease, n (%) 103 (6.5) 56 (11) 

   Heart failure, n (%) 61 (3.9) 89 (17.5) 

   Stroke (CVA / TIA), n (%) 68 (4.3) 45 (8.9) 

   Pacemaker, n (%) 18 (1.1) 22 (4.3) 

   Arrhythmias, n (%) 482 (30.6) 467 (91.9) 

   Atrial fibrillation, n (%) 0 (0) 508 (100) 

   Blood thinner, n (%) 269 (17.1) 342 (67.3) 

   CHA2DS2-VASc score, 

   median (IQR) 

1 (2) 2 (2) 

Abbreviations: IQR, interquartile range. AF, atrial fibrillation. CVA, cerebrovascular accident. TIA, transient 

ischemic attack. CHA2DS2-VASc, congestive heart failure, hypertension, age, diabetes mellitus, stroke, vascular 

disease, and sex category. 

 

 
Supplementary Table 10: Diagnostic metrics for participants with atrial fibrillation (AF) history and without 

AF history on participant level. The analysis per AF history group was based on the 2,085 (96.4%) participants that 

voluntarily provided additional information via an in-app medical questionnaire. The remaining 78 (3.6%) of 

participants did not provide information about a possible history of AF. 
 

 No history of AF 

(n = 1,577) 

History of AF 

(n = 508) 

True positives, n 169 222 

False positives, n 279 58 

True negatives, n 1,129 225 

False negatives, n 0 3 

Sensitivity, (%) 100 98.7 

Specificity, (%) 80.2 79.5 

Accuracy, (%) 82.3 88.0 

PPV, (%) 37.7 79.3 

NPV, (%) 100 98.7 

Prevalence, (%) 10.7 44.3 

Abbreviations: NPV, negative predictive value. PPV, positive predictive value. 

 

 

 


