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ABSTRACT
Assessing vital signs such as heart rate (HR) by 
wearable devices in a lifestyle- related environment 
provides widespread opportunities for public health 
related research and applications. Commonly, 
consumer wearable devices assessing HR are based on 
photoplethysmography (PPG), where HR is determined by 
absorption and reflection of emitted light by the blood. 
However, methodological differences and shortcomings 
in the validation process hamper the comparability of 
the validity of various wearable devices assessing HR. 
Towards Intelligent Health and Well- Being: Network 
of Physical Activity Assessment (INTERLIVE) is a joint 
European initiative of six universities and one industrial 
partner. The consortium was founded in 2019 and strives 
towards developing best- practice recommendations 
for evaluating the validity of consumer wearables and 
smartphones. This expert statement presents a best- 
practice validation protocol for consumer wearables 
assessing HR by PPG. The recommendations were 
developed through the following multi- stage process: 
(1) a systematic literature review based on the Preferred 
Reporting Items for Systematic Reviews and Meta- 
Analyses, (2) an unstructured review of the wider 
literature pertaining to factors that may introduce bias 
during the validation of these devices and (3) evidence- 
informed expert opinions of the INTERLIVE Network. A 
total of 44 articles were deemed eligible and retrieved 
through our systematic literature review. Based on these 
studies, a wider literature review and our evidence- 
informed expert opinions, we propose a validation 
framework with standardised recommendations using 
six domains: considerations for the target population, 
criterion measure, index measure, testing conditions, data 
processing and the statistical analysis. As such, this paper 
presents recommendations to standardise the validity 
testing and reporting of PPG- based HR wearables used 
by consumers. Moreover, checklists are provided to guide 
the validation protocol development and reporting. This 
will ensure that manufacturers, consumers, healthcare 
providers and researchers use wearables safely and to its 
full potential.

INTRODUCTION
Heart rate (HR) is defined as the number of heart 
beats per minute (bpm) and can be determined from 
the time interval between two successive cardiac 
cycles initiated by action potentials in the sinoatrial 

node.1 While resting HR is a key vital sign and a 
well- established predictor of all- cause and cardio-
vascular mortality in the general population,2 other 
features of HR such as the response to exercise 
and HR variability (HRV) are indicators of general 
health status, including fitness as well as both phys-
iological and mental stress.3–5 Furthermore, HR 
assessment during exercise training is an important 
tool for monitoring training load in elite athletes 
and recreational exercisers.6 7

Traditionally, HR is derived from electrocardiog-
raphy (ECG) recordings through either multiple- 
lead channels or simple chest- straps, consisting of 
two electrodes. Thus, HR assessment has tradition-
ally been limited to medical conditions, laboratory 
testing or training monitoring and was not suit-
able for long- term assessment during daily living. 
However, recently a wealth of wearables that assess 
HR by photoplethysmography (PPG) have entered 
the consumer market. This allows not only for 
continuous fitness monitoring, but also facilitates 
screening for incident disease and continuous moni-
toring of disease progression and complications (eg, 
detection of atrial fibrillation and stroke preven-
tion, coronary artery disease or sleep apnoea).8–13

PPG is an optical technique that is based on 
the absorption and reflection of emitted light by 
the blood, where the systolic variations in blood 
volume modulate the amount of transmitted or 
reflected light.14 However, considerable differences 
in the validity of HR assessed by PPG- based devices 
are observed,15 which are likely related to difficul-
ties in mathematical peak detection and a higher 
sensitivity to motion artefacts.16 This, in turn, may 
have severe consequences for long- term adherence 
to regular exercise,17 but also for risk stratification 
if the device is used in a clinical setting.18

Unfortunately, the validation quality of wear-
ables remains often unknown to the consumer 
due to non- transparent standards for testing and 
reporting. The validity assessment of consumer 
wearables is most optimally performed by indepen-
dent institutions, but the number of new devices 
introduced by a continuously rising number of 
device manufacturers makes it almost impossible 
for scientific institutions to keep up with recent 
developments. Moreover, the discontinuation of a 
device or implementation of important changes to a 
device firmware/software might invalidate previous 
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work.19 Therefore, it is important to develop a common frame-
work for the optimal validity evaluation of consumer wearables 
measuring HR by PPG, to be used by both manufacturers and 
research institutions in order to provide quality assurance of 
available devices.

In 2018, the Consumer Technology Association published 
a preliminary framework for evaluating and reporting 
the validity for measuring HR with consumer wearables, 
including considerations for testing protocols but also indi-
vidual characteristics, such as skin tone, body mass index 
(BMI), sex and age.20 However, recommendations for long- 
term monitoring of HR during free- living conditions are 
lacking in these guidelines and the scientific evidence for the 
suggested guidelines has not been presented. In addition, in 
a recently published review article factors that may affect 
the accuracy of wrist- worn HR wearables were critically 
discussed and initial considerations for performing validity 
testing of these devices provided.21 However, the published 
work mainly targets scientific evaluations of these devices 
and specific guidelines that allow for an immediate transfer 
into practice have not been presented.

Therefore, the present expert statement aims to expand on 
previously published work by proposing a set of guidelines 
targeting both manufacturers and scientific institutions, to 
ensure the rigorous and transparent validation and accuracy 
reporting of PPG- based consumer wearable HR devices, while 
at the same time being feasible to carry out. Furthermore, 
the statement aims to propose a best- practice framework 
of rigorousness in evaluating criterion validity and provide 
recommendations for future development of evaluating the 
validity of wearable HR monitors used by consumers. The 
work presented is based on a systematic literature search 
as well as an unstructured review of the wider literature 
pertaining to factors that may introduce bias during the vali-
dation of these devices and evidence informed expert opin-
ions of the INTElligent Health and Well- being: NetwoRk of 
PhysicaL ActIVity AssEssment (INTERLIVE). As a result, we 
provide a comprehensive summary of variables that require 
consideration when developing evaluation protocols (online 
supplemental table 1) and suggest practical checklists for 
validation protocol designing (table 1) and transparent data 
reporting (table 2).

EXPERT STATEMENT PROCESS
The INTERLIVE Network
INTERLIVE is a joint initiative of the University of Lisbon 
(Portugal), the German Sport University (Germany), Univer-
sity of Southern Denmark (Denmark), Norwegian School 
of Sport Sciences (Norway), University College Dublin 
(Ireland), University of Granada (Spain) and Huawei Tech-
nologies Finland. The consortium was founded in 2019 
and strives towards developing best- practice protocols for 
evaluating the validity of consumer wearables. Moreover, 
we are aiming to increase awareness of the advantages and 
limitations of different validation protocols and to intro-
duce novel health- related metrics, fostering a wide- spread 
use of physical activity indicators. As one of the initial 
key aims of the group, the consortium aimed to develop 
best- practice validation protocols for consumer wearable 
HR monitoring (part A) and wearable and smartphone 
devices for step- counting (part B, presented in a separate 
publication).

Table 1 Checklist of items that need to be considered when planning 
validity protocols for consumer heart rate wearables

Target population

BMI Ο
Body height Ο
Skin tone Ο
Sex Ο
Sample size calculation via pilot study Ο
Criterion measure

Chest strap or ECG Ο
Placement according to manufacturer’s instructions Ο
Index device

Placement according to manufacturer’s instructions Ο
Pretest preparations

Standardised meal replacement Ο
Control caffeine intake Ο
Medical screening Ο
Exclude participants with medication affecting cardiovascular function Ο
Control for previous intense physical activity Ο
Testing: laboratory conditions

Minimum of 3 walking intensities Ο
Minimum of 2 running intensities Ο
Minimum of 3 biking intensities Ο
Steady- state (2–5 min) Ο
HR kinetics (transitions and recovery) Ο
Validity level

1. Graded ergometer test with a wide range of exercise intensities reported 
as % of HRmax (or VO2max) including rest and recovery

Ο

2. Graded ergometer test with a wide range of exercise intensities in 
absolute values (ie, speed/incline, W/rpm) including rest and recovery

Ο

3. Graded ergometer test with a moderate range of exercise intensities as % 
of HRmax (or VO2max) including rest and recovery

Ο

4. Graded ergometer test with a moderate range of exercise intensities 
reported in absolute values (ie, speed/incline, W/rpm) including rest and 
recovery

Ο

5. Graded ergometer test with a low range of exercise intensities reported as 
% of HRmax (or VO2max) including rest and recovery

Ο

6. Graded ergometer test with a low range of exercise intensities reported in 
absolute values (ie, speed/incline, W/rpm) including rest and recovery

Ο

Testing: semifree- living (sport- specific) conditions

Intermittent activities (ie, soccer, basketball, etc)

1. Inherent environmental conditions (eg, standard playing field, etc) Ο
2. Inherent no of players included Ο
3. Inherent duration with a minimum of 15–20 min Ο
Continuous activities (running, walking, biking, swimming)

1. Minimum of three intensities (40 %, 60 %, 80% of HRmax) Ο
2. Inherent duration with a minimum of 2 min of each intensity Ο
Activities with domestic behaviour (doing laundry, gardening, home construction)

1. Minimum of 15–20 min Ο
Testing: free- living conditions

Subject’s wear index and criterion device for a minimum of 24 hours Ο
Exclude subject’s not presenting HR data above 40% of HRmax Ο
Exclude recordings missing more than 5% of the data (index or criterion 
device)

Ο

Processing

Criterion measure processing

1. Apply an automated method for filtering ectopic beats and motion 
artefacts

Ο

Index measure processing

1. No post processing of the end- user data is allowed Ο

Continued
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Expert validation protocol development
Expert validation process
An initial meeting was held in Cascais, Portugal on 15 November 
2019. At this meeting, it was agreed that the optimal process 
for developing the best- practice validation protocol should 
begin with extracting key elements of the validation protocols 
previously used in the scientific literature. This information was 
then used as the foundation for discussions on the optimal and 
feasible protocol for conducting the validity assessment that 
describes the accuracy end- users can expect if the wearable is 
used in the designated or similar setting. The consortium formed 
two working groups: (1) HR monitoring (JMM, ELS, JS, SC, 
WB, JCB, UE, AG and MS), (2) step- counting (WJ, PMG, PBJ, 
BC, FBO and LBS). The working groups subsequently defined 
multiple systematic literature search strategies, prior to sharing 
them with the wider consortium. A second consortium meeting 
was held virtually on 10 March 2020 to finalise the search strat-
egies, including the selection of the minimum a priori required 
criterion measure(s). Thereafter, the systematic search was 
performed and a framework was developed for extracting data 
of the validation process, including data on target population, 
criterion and index device, testing conditions, data processing 
and statistical analysis. In parallel, an unstructured review of 
the wider literature was conducted to include valid studies on 
factors that may affect the accuracy on consumer wearables not 
identified by our defined search strategies. Following that, the 
data extraction was performed and multiple workgroup meet-
ings were held to discuss each aspect of the validation proto-
cols used in the individual studies. Based on the data synthesised 
during the systematic literature review, the a priori knowledge 
relating to research grade device validation22–25 and the evidence 
informed expert opinion of the INTERLIVE members, a set 
of key domains for the best- practice recommendations were 
proposed. The synthesised data were then reviewed with respect 
to these domains, and expert validation protocols for wear-
able HR monitors (part A) and wearable and smartphone step- 
counters (part B) and were iteratively developed by the working 
groups and subsequently shared with the entire consortium. At 
a virtual meeting held on 17 June 2020, the revised drafts were 
discussed and the two protocols were aligned to ensure harmon-
isation of the statements. The revised drafts were then edited 
for consistency and reviewed by the wider consortium prior to 
circulation for final approval.

2. Resampling into a window of 5 s is allowed Ο
Epochs for analysis/window size

1. Sample criterion measure with same epoch as available with the index 
measure

Ο

2. Window size should be 5 s or shorter Ο
Index and criterion synchronisation

1. Automated method for synchronisation (cross correlation or similar) Ο
Statistical analysis

Standard Bland- Altman LoA analysis for steady- state conditions Ο
Repeated measure LoA analysis for non- steady state conditions (multiple 
paired observations of HR epochs per individual)

Ο

Evaluate within- device precision by comparing the within- person variability 
in average HR over 5 s windows separately for steady- state activity of at 
least 2 min duration

Ο

BMI, body mass index; HR, heart rate; HRmax, maximal heart rate; LoA, limits of 
agreement; rpm, repetitions per minute; VO2max, maximal oxygen uptake; W, Watts.

Table 1 Continued Table 2 Minimum required reporting sheet for standardized and 
transparent data sharing

Description Reporting

Target population

Sampling method Random, convenient, and so on

Distribution of sex ♂=n/♀=n

Body height Mean±SD and range (cm)

BMI Mean±SD and range (kg/m²)

Skin tone Distribution of Fitzpatrick scale

Sample size Number of subjects

Criterion measure

Chest strap or ECG (RR intervals) Model and brand; chest strap: 
agreement with respect to bpm

Placement Manufacturer’s instructions and actual 
placement

Index device

Placement Manufacturer’s instructions and actual 
placement

Pre- test preparation

Standardised meal replacement Type of replacement and duration of 
control (hours prior to testing)

Caffeine intake Duration of control (hours prior to 
testing)

Medical screening Type of medical screening

Exclusion of participants Exclusions due to specific medication 
affecting cardiovascular function

Intense physical activity Duration of control (hours prior to 
testing)

Testing protocol

Type of protocol Laboratory, semi- free living/sport- 
specific, free- living

Contextual factors Indoors, outdoors

Type of activity Cycling, treadmill walking/running, 
swimming, other sports/activities

Duration Minutes, hours

Exercise intensity Relative to aerobic capacity (%HRmax, 
VO2max, RM) Or

Absolute values (ie, speed/ incline, W/
rpm)

Steady- state (2–5 min) Mean HR (ie, 5–30 s intervals)

HR kinetics (transitions and 
recovery)

ΔHR

Processing

Criterion measure processing Method used for error correction and 
data smoothing

Index measure processing Method used for resampling (is used)

Epochs for analysis/window size In seconds

Index and criterion 
synchronisation

Method used (cross- correlations or 
similar methods)

Statistical analysis (report separately for each exercise intensity and/or 
activity)

N of paired observations Paired HR (amount)

Data availability Data availability (%)

Index device, mean HR Mean±SD

Criterion device, mean HR Mean±SD

Mean difference Mean±SD and SE

Mean absolute error Bpm

MAPE %

Standard LoA Mean difference or mean relative 
difference and LoA including 95% 
CIs (separately for each steady- state 
intensity and/or activity)

Repeated measure LoA analysis Mean difference or mean relative 
difference and LoA including 95% CIs 
(separately for each non- steady- state 
activities)

Continued
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Systematic review process
The primary aim of our initial systematic literature review was 
to determine which methods and protocols are currently used 
in the scientific literature to validate HR with consumer- based 
wearables. Importantly, we did not aim to review the results 
from studies examining the validity of wearable consumer 
devices to assess HR. The search was conducted with respect to 
the Preferred Reporting Items for Systematic Reviews and Meta- 
Analyses (PRISMA) and registered with the international data-
base of prospectively registered systematic reviews in health and 
social care (PROSPERO ID: CRD42020177667). Three- domain 
search terms were used to identify journal articles published in 
the electronic databases PubMed, Embase and Web of Science. 
More specifically, these search terms were defined as the control 
device, the outcome as well as the study design (online supple-
mental table 2).

Only English language publications in human populations with 
no restriction to publication year were included. Relevant arti-
cles had to be published prior to 18 March 2020. The inclusion 
criteria were defined as Population, Intervention, Comparison, 
Outcome and Study design .26 No restrictions were made with 
regards to population (ie, healthy, patients, children, etc) and 
interventions (ie, protocols used). Protocols were classified as 
(1) laboratory settings (ie, well- controlled conditions, including 
isolated tasks such as walking, running or cycling on a tread-
mill or a stationary cycle ergometer), (2) semifree- living settings 
(semi- controlled conditions, including ‘simulated’ activities of 
daily living for the purpose of replicating ‘free- living’ condi-
tions) or (3) free- living settings (long- term monitoring of daily 
living without restrictions of the completed tasks). As a compar-
ison, a criterion measure using a gold standard (ie, assessment of 
the time elapsed between two successive R- waves [RR intervals) 
of the signal of sequence of the Q, R and S complex [QRS]) 
was required. Furthermore, only studies that assessed HR by a 
PPG- based consumer wearable as the primary outcome measure 
were included. However, no restrictions applied to the human- 
wearable interface of the index devices (eg, light wavelength or 
measurement site). The detailed search string can be found in 
online supplemental table 2.

Screening and data extraction were performed independently 
by three members of the consortium, using Covidence software 
(Veritas Health Innovation). The search process entailed saving 
the online search, removing duplicates as well as consequently 
screening titles, abstracts and eligible full texts. A minimum of 
two identical votes was required for eligibility judgement. In 
case of a lack of consensus, the third member of the team was 
consulted. Data extraction was performed according to specific 
criteria that are outlined in detail in online supplemental tables 
3–6.

CURRENT STATE OF KNOWLEDGE
The presented current state of knowledge is based on the studies 
that were identified by the systematic literature search as well as 
supplemental technological studies and our evidence informed 
expert opinions. Our systematic review led to a total of 1894 
hits. Automatically removing duplicates and ineligible records 
led to 108 full texts for further assessment. Overall, 66 studies 
were primarily excluded for methodological reasons (ie, in terms 
of outcome, study design and comparator). Finally, a total of 
43 articles were deemed eligible and retrieved. Additionally, one 
study was manually added by screening other resources, leading 
to a total number of 44 studies remaining for data extraction. 
The PRISMA flow chart of the systematic review process and the 
reasons for exclusions are presented in the supplements (online 
supplemental figure 1). The following section provides a short 
summary on the key considerations that appear to be important 
when testing the validity of PPG- based consumer wearables. 
Data gathered are presented in six key domains (figure 1), that 
were deemed relevant for validity testing (target population, 
criterion measure, device placement, testing conditions, data 
processing and statistical analysis). The most important aspects 
of validation protocols are also summarised in the supplements, 
table 1. The consortium acknowledges that the presented list of 
domains reflects the current state of knowledge but may not be 
considered exhaustive.

Target population
Selecting the target population for the validity assessment appears 
to be a key factor that determines the significance of the findings 
obtained. Although PPG- based wearables could theoretically 
be validated in numerous populations that differ considerably 
in demographics, ethnicity, anthropometrics and activity level, 
we advise that the evaluation reflects the device performance 
in the hands of the intended user. However, even by assessing 
the validity in a sample that is homogeneous in one domain (eg, 
recreationally active young men), it is likely that other domains 
may not be controlled for simultaneously (eg, skin tone). There-
fore, we suggest that the target populations generally reflect a 
heterogeneous sample, allowing for possible subgroup analysis. 
Homogeneous samples, on the other hand, may be included if 
the intention is to test the validity of the wearable for a very 
specific group (eg, athletes of a specific sport).

In addition to the aforementioned considerations, other 
factors may require attention. For example, the pathology of 
some heart- related diseases may affect the outline of the QRS 
complex and potentially provide poor identification of the 
R wave.27 However, the number of heart- related conditions 
and their potential implications on the QRS complex impose 
numerous challenges with the validity assessment. These chal-
lenges of including patients with heart- related conditions must 
be appropriately addressed to ensure the accuracy of the HR 
measurements. In this context, assessment of atrial fibrillation 
has been targeted by some wearable devices28 and it seems 
possible that the future will bring more devices that can address 
specific heart- related conditions that can be detected with a high 
degree of confidence.29 In addition, abnormalities in blood pres-
sure may affect the PPG signal.30 Consequently, in many studies 
included in our review, participants with known systolic or 
diastolic blood pressure abnormalities were excluded31 32 or at 
least reported.33–38

Other considerations concern the use of medication and 
dietary supplements that may affect HR recordings and should 
be considered when designing validation protocols. Interestingly, 

Description Reporting

Within–device precision for 
steady- state activities

The 95% prediction interval and ICC 
(report separately for each steady- state 
intensity and/or activity)

Other

Deviations in the validation 
process

BMI, body mass index; bpm, beats per minute; ECG, electrocardiogram; HR, heart rate; 
HRmax, maximal heart rate; ICC, intra class correlation coefficient; LoA, limits of agreement; 
MAPE, mean absolute percentage error; RM, repetition maximum; rpm, repetitions per 
minute; SE, standard error; VO2max, maximal oxygen uptake; W, Watt.

Table 2 Continued
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none of the identified studies assessed the accuracy of wearable 
HR monitors in patients with cardiovascular conditions. These 
patients present a variety of potential challenges to monitor’s 
accuracy, including hypertension, peripheral arterial disease, 
venous insufficiency, obesity, atrial fibrillation and use of medi-
cations that affect HR, vascular tone and volume status (eg, 
beta- blockers, ACE inhibitors, calcium channel blockers, and 
diuretics).33 Furthermore, factors such as inked and damaged 
skin (eg, tattoos, scars etc.) may potentially affect the PPG signal 
and, thus, participants exhibiting either of these were excluded 
in few studies identified by our systematic review.33 39–41 While 
we also recommend that exclusion will likely help to over-
come potential errors originating from these factors, in this 
statement we have focused on the validity assessment of HR 
measurements in the general population. Principally, healthy 
samples are recommended for the general device valida-
tion. However, if a device is specifically designed for a special 
population, this needs to be reflected in the target population. 

The following factors require consideration when designing 
an appropriate validation protocol.

Sample size considerations
The sample size should be defined a priori. If an a priori speci-
fied level of ‘in agreement’ (ie, the difference of paired measure-
ments falls within a specified interval) is considered, the sample 
size should be calculated based on an expected mean absolute 
difference, the expected standard deviation (SD) of the differ-
ences, and a predefined clinical maximum allowed difference 
needed to obtain a power of 80% or 90% to assess agreement 
between two methods of measurement with a sufficient preci-
sion.42 It is advised to conduct a pilot study to obtain the mean 
and SD of differences between the wearable consumer device 
and the criterion measure to make these prior sample size calcu-
lations. If no a priori specified level of ‘in agreement’ is consid-
ered, for homogeneous samples we recommend a minimum of 
45 participants as a rule of thumb.43 This number is also in line 
with the average number of participants included in the studies 
identified by our systematic review. In any case, the variability 

of relevant participant characteristics in the sample should be 
considered and for heterogeneous groups, a larger sample size 
might be necessary.

Age
Ageing has previously been associated with increases in arterial 
stiffness, resulting in changes in the propagation of the pulse to 
the periphery, thereby affecting pulse timing and shape charac-
teristics.44 However, only three studies identified by our system-
atic literature review performed a statistical analysis for age and 
device error (total range 21–73 years), but did not find age to 
affect the error in the prediction of HR measurements.41 45 46 In 
fact, this finding was confirmed by a very recent study validating 
the wearable fitness trackers Xiaomi Mi Band 2 and Garmin 
Vivosmart HR+.47 Also, in this study, similar mean percentage 
errors for young (20–26 years) participants and seniors (>65 
years) were observed. Thus, deteriorating effects on vascular 
function with increasing age may not be reflected in HR assessed 
by PPG but more research is needed to clearly assess these effects. 
However, if the validity of a wearable device is not needed for 
one specific target group (eg, children) we suggest testing in a 
heterogeneous sample.

Sex
Sex is associated with cardiovascular function, affecting resting 
HR and arterial blood pressure.48 Consequently, sex differ-
ences might also be reflected in PPG- based HR due to possible 
differences in device positioning and skin characteristics.45 For 
example, differences seem to exist in the thickness and echo 
intensity of skin between males and females.49 However, three 
studies identified by our systematic literature search did not find 
HR validity assessed via PPG to be affected by sex,32 39 41 while 
others45 46 found larger measurement errors in men as compared 
with women. A recent article clearly indicated that factors such 
as pulse arrival time, pulse transit time, systolic pulse transit 
time and the ratio of areas under the PPG waveform are affected 
by sex, with men showing a larger effect on the PPG signal.48 
Considering these findings, it appears that sex likely affects 

Figure 1 The six domains identified as important factors to be considered during validity testing of wearable devices assessing heart rate by 
photoplethysmography.
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wearable device validity and needs to be accounted for when 
evaluating PPG- based devices.

Body height
Body height was previously identified as a contributor to larger 
pulse transit time due to longer distances between the heart and 
the periphery (ie, the measurement site). Indeed, the latency 
time between the QRS complex and the PPG peak was found to 
be larger in taller subjects and was significantly associated with 
changes in pulse transit time both on the fingers and toes but 
not on the ears.44 However, in this study, no associations were 
found between body height and HR and these findings corre-
spond well with a separate regression analysis,46 showing body 
height not to interact with PPG- based HR validity (range: men 
159.1–190.0 cm, women 154.4–184.2 cm). In fact, the latter 
study was the only group that accounted for body height when 
analysing their findings. However, whether possible delays in 
pulse transit time were accounted for in the algorithm of the 
devices tested in the other studies identified by our systematic 
search remains unknown due to restricted access to algorithms. 
Thus, we recommend that body height should be considered as a 
possible factor that may affect HR assessed by PPG. This might 
be accounted for by including heterogeneous samples of partici-
pants (eg, children, adolescents and adults).

Body mass index
In two studies identified by our systematic review, possible asso-
ciations between BMI and measurement error were assessed 
but it was concluded that BMI does not affect PPG- based HR 
accuracy.50 However, both studies used a rather homogeneous 
sample (ie, BMI of 20–27 kg/m² and 19–33 kg/m², respectively). 
In contrast, in two studies using larger ranges for BMI (ie, 
17.2–39.3 kg/m² and 17.1–45.0 kg/m², respectively) a higher 
BMI was statistically associated with larger error rates across 
multiple devices.40 46 Moreover, a study also found that BMI was 
correlated with wrist circumference, which may in turn affect 
the PPG signal.36 Thus, previous findings provide potential indi-
cations for BMI to affect HR measurements assessed by PPG.

Skin tone
The interaction of light with biological tissue can be quite 
complex and may involve scattering, absorption and/or reflec-
tion.51 For example, it was previously shown that darker skin 
pigmentation may attenuate the permeability of light wave-
lengths shorter than 650 nm.37 The importance of skin tone is 
underlined by our systematic literature review, showing that 
skin tone or at least ethnicity was considered as a confounder 
in 20 studies.33 35–37 39–41 46 50 52–62 Among these studies, a higher 
device error was found in participants across several devices or 
types of activities with darker skin tones assessed by the Fitz-
patrick scale,37 39 46 56 58 while in other studies this was not 
observed.33 50 63 Thus, skin tone appears to affect the accuracy of 
HR readings based on PPG and should also be considered during 
validity testing.

Criterion measure
The current gold- standard reference method for assessing HR is 
ECG with 12- lead, which is standard in clinical practice when 
a full ECG tracing of the cardiac cycle is desired.64 The largest 
and most distinct feature in the QRS complex is the R wave, that 
represents the early ventricular depolarisation and is commonly 
used for identifying single cardiac cycles. ECG measurements 
are conducted using dry or wet surface Ag/AgCl electrodes. 

Wet electrodes include a conductive gel used to decrease the 
electrode- skin impedance and, thus, increase the signal to noise 
ratio. However, the conductive gel tends to dry out with time, 
which potentially affects the data quality.65 Dry electrodes are 
an alternative to wet electrodes although not commonly applied 
with long duration ECG measurements.

Chest strap HR monitors are electronically similar to dry elec-
trodes and some commercially available devices provide beat to 
beat (RR) intervals for HRV analysis.66 Chest strap HR moni-
tors are specifically designed to be used with sports participation 
at various intensities. However, measuring RR intervals during 
strenuous exercise activities is challenging due to the substan-
tial movement of the torso and occasionally high force impacts 
which generate motion artefacts in the ECG signal.67 The 
validity of estimating RR intervals with commercially available 
chest strap devices has been investigated in various studies68–72 
and several devices provide RR intervals that demonstrate good 
to perfect agreement with ECG both in resting conditions and 
exercise. In online supplemental table 7, we have summarised 
several validated chest strap devices for measuring RR inter-
vals. The HRV task force guidelines (and the update from 2015) 
suggest that an independent evaluation of commercially available 
devices is needed to ensure the validity of the RR interval with 
HRV analysis.73 74 However, a required level of agreement for 
a device to be valid is not specified in these guidelines. Conse-
quently, we suggest that any commercial device (chest strap or 
ECG measured using either dry or wet electrodes) providing RR 
intervals, which has been independently validated and demon-
strates an excellent agreement with respect to bpm (ie, >95%, 
see online supplemental table 7), can be used as an appropriate 
criterion measure for evaluating wearable technologies providing 
HR to the end- users.

Index measure
In addition to the target population, potential sources of bias 
originating from the placement of the index device need to be 
considered. We recommend wearing the index device according 
to manufacturer’s instructions, which should result in standardi-
sation. Nevertheless, the following sections provide a short over-
view on the most robust factors related to the device placement 
that may affect the validity of PPG- based HR readings.

Motion artefacts
Previous studies have indicated that consumer wearables are 
reasonably accurate at resting and moderate steady- state inten-
sities, while the accuracy is typically lower in activities inducing 
fluctuations in HR.75 For example, the study by Müller et al 
showed relative higher errors in two activity trackers in a free- 
living condition compared with a laboratory- based cycling 
protocol.62 It is likely that these differences in accuracy are 
attributed to motion artefacts, which are typically caused by 
displacement of the PPG sensor over the skin, changes in skin 
deformation, blood flow dynamics and/or ambient tempera-
ture.76 77 This, in turn, may well manifest as missing or false beats, 
resulting in invalid HR calculations.78–80 Even though it is likely 
that motion artefacts are apparent in every dynamic protocol, 
only five studies identified by our systematic search specifically 
reported signal noise originating from movement37 41 58 81 82 
(online supplemental table 6). Thus, protocols used for validity 
testing of wearables are recommended to include heterogeneous 
activities or in case the device is intended to be used in a sport or 
activity- specific setting, conditions similar to the intended setting 
(ie, providing a common level of movement) should be tested.
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Contact pressure
It was previously shown that the waveform of the PPG signal 
may be affected by the contact force between the sensor and 
the measurement site and that the waveform of the obtained 
PPG signal differs depending on the PPG probe contact.51 The 
authors further stated that the most accurate PPG signal may 
be obtained under conditions of transmural pressure, defined as 
the pressure difference between the inside and outside of blood 
vessels (ie, the pressure across the wall of the blood vessel). Inter-
estingly, none of the studies identified by our systematic search 
reported that contact pressure was measured. Future studies 
should assess whether the validity of HR readings indeed differs 
between different contact pressures and whether this is related 
to wearing comfort (ie, ecological validity). Thus, as for now 
it is recommended to wear the device according to manufac-
turer instructions during validity testing and to ensure a constant 
contact pressure, especially in the context of long- term HR 
monitoring (ie, by repositioning the device periodically).

Ambient light
Light sensitive diodes may also be affected by ambient light. 
While this has been discussed in few studies identified by our 
systematic review,33 37 41 81 83 the magnitude of this effect remains 
unknown at this stage. In this context, light interferences may be 
reduced by shading of the interface area site and by electronic 
filtering (eg, light modulation filtering).84 Consequently, future 
studies should address ambient light as a potential source of 
bias in PPG measurements. Irrespective of this, we believe that 
potential irritations caused by the ambient conditions may be 
minimised by correct positioning of the device, as was previously 
also stated in a topical review.84

Ambient temperature
PPG signal quality may also be influenced by the temperature orig-
inating both from the environment and changes in skin tempera-
ture. While eight studies included in our systematic review 
reported a controlled laboratory temperature,34 37 50 53 62 82 85 86 in 
one study the underestimation of the index device was partially 
explained by low ambient temperatures of the laboratory assess-
ment (18°C–20°C) compared with that of free- living conditions 
(30°C–32°C).62 In addition, it was shown that the error in HR 
readings obtained from infrared but not green light appeared to 
be higher in cold (10°C) compared with hot (45°C) conditions.87 
Thus, it seems plausible that ambient temperature may affect the 
PPG signal quality and should be standardised during laboratory 
validations and considered as a potential source of bias in free- 
living conditions.

Testing conditions: laboratory, semifree-living and free-living
Factors that affect the choice of protocol for examining the 
validity of wearable HR devices, and the validity of the device 
itself, include types of activities, the intensity of these activities 
and for how long and frequent these activities are performed. In 
general, agreement of a device compared with a criterion method 
during a specific type of activity with a specific intensity is only 
valid for these conditions. Thus, validity testing programmes of 
wearable devices may vary in length and complexity and should 
reflect the intended use of the device. Laboratory based proto-
cols including steady- state activities of varying intensities may be 
appropriate when examining the basic validity of a device against 
a criterion, whereas free- living protocols are required when the 
device is intended to be used in everyday life including sleep.

Furthermore, we recommend to standardise the pretest prepa-
ration with a standardised meal replacement to avoid gastric 
complications during high exercise intensities. Moreover, 
caffeine should be avoided 12 hours and intense physical activity 
48 hours prior to testing. In addition, we recommend a medical 
screening and to exclude participants using regular medication 
that affects cardiovascular function (eg, beta- blockers).

Types of activities
Lab based protocols in the studies identified by our 
systematic search usually included treadmill locomo-
tion31 32 38–40 53 57 82 88 89 or a combination of treadmill locomo-
tion and ergometer cycling.33 41 46 52 90–92 In addition, few studies 
have included activities of daily living (eg, folding laundry and 
sweeping)12 45 54 93 94 or resistance exercise12 50 58 83 94 95 (see 
online supplemental table 4 for additional information).

HR data measured by consumer wearables were most accu-
rate when assessing locomotor activities that are characterised by 
repetitive movements (eg, cycling, walking or running) in labora-
tory settings,32 40 41 46 52 58 and were less accurate where the move-
ments were inherently more complex, such as resistance exercise 
and activities of daily living.50 58 For example, the accuracy of the 
wearable device was substantially higher during aerobic exercise 
(92%) as compared with resistance exercises (35%).50 Similarly, 
HR measured by non- wrist worn devices (ie, worn in the ear) 
were relatively accurate during upper and lower body resistance 
exercises, whereas wrist- worn devices showed poor accuracy. 
Activities implying upper body movements induced a higher 
rate of errors and HR drop- outs than endurance exercises (ie, 
running, walking or cycling) in free- living conditions.56 As this 
was not further assessed in the study, it was assumed that this 
imprecision was due to motion artefacts from the arm and chest 
movements, as reported during laboratory or semifree- living 
protocols.33 41 50 58 95

Upper body movements cause greater variability in 
error41 50 58 91 for wrist- worn devices, probably caused by motion 
artefacts and variable contact between skin and device, due to 
variable pressure/contact induced by muscle contractions and 
changes in blood flow. During upper body work and work 
involving the arms, muscle and ligament tension in the wrist 
may interfere with HR detection from capillary blood flow.50 
Thus, devices that rely on HR detection through the skin may be 
inaccurate if speed or intensity is increased and during activities 
where skin contact is lost or if an isometric contraction is neces-
sary to perform the activity. Therefore, the specific activities 
being examined must be clearly considered so the validity of the 
measurement device in question is aligned with the appropriate/
actual use of the device. This is likely an inherited and significant 
limitation of PPG in general.

Duration and repetitions
The duration of the laboratory protocols performed in the 
studies identified by our systematic review varied substantially 
from three to 80 min, with the longest duration observed in 
semifree- living protocols comprising multiple activities (online 
supplemental table 4). The length of free- living protocols varied 
between 2 and 24 hours of continuous monitoring (online 
supplemental table 4).

Assessing accuracy of HR measurements during steady- state 
exercise is relevant as consumers often use these devices to 
monitor HR during continuous exercise sessions or to monitor 
exercise load and energy expenditure. Steady- state is reached 
when the HR plateaus during continuous exercise at a submaximal 
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intensity level, and reflects the balance obtained when the cardiac 
output is sufficient to transport the oxygen needed to meet the 
energy cost of the work performed.96 This usually occurs within 
the first 2 min of exercise, depending on the change in intensity 
and fitness level of the participant.96 However, since HR tends 
to exhibit a lag compared with the external work performed 
or the corresponding oxygen cost, protocols should strive for 
a combination of steady- state activities and those with shorter 
duration and varying intensities. Indeed, some previous studies 
have reported lower accuracy when the activity is intermittent 
with swift changes in exercise intensity (ie, changes in speed of 
running) or changes in activity that cause changes in wrist move-
ments for PPG wrist- worn devices.50 58 Since PPG sensors esti-
mate HR by measuring changes in blood flow, the limited blood 
flow to the wrist at the initiation of exercise might lower the 
confidence of the predictive algorithms to accurately measure 
HR (ie, measured heart beats are discarded until the algorithm is 
confident that it is recording a physiologically plausible value).97 
This must be considered during measurements of HR during 
activity with rapid changes in intensity and non- steady- state 
conditions (less than 3 min in duration).

Exercise intensities
Accurate HR readings throughout a wide range of intensities 
from rest to near maximal is a prerequisite for any consumer 
device. The laboratory studies reviewed predominantly included 
multiple intensities ranging from light to very vigorous in their 
protocols, whereas the measure of intensity varied (eg, speed, 
watts, metabolic equivalents, % of maximal aerobic capacity) 
(online supplemental table 4). Semifree- living protocols also 
included various intensities (online supplemental table 4), 
whereas the intensity and variability in intensity during free- 
living is population specific (eg, athletes vs elderly) and cannot 
be controlled. The accuracy obtained during a free- living 
protocol also depends on the duration of the measurement and 
the variability in activities performed (see above). Relatively 
high measurement errors (10.1%) were observed in a study 
evaluating the accuracy of a wrist- worn device during a seden-
tary and light intensity semifree- living protocol,93 which may be 
attributable to the freely selection of activities during the testing 
period. However, this format theoretically mimics everyday 
activity more effectively than traditional structured activities. It 
may, therefore, reflect more realistic estimates of validity than a 
laboratory protocol and may also provide new evidence of how 
effective the PPG technology is when used in consumer devices.

The studies identified by our systematic review clearly indi-
cated that the accuracy of PPG devices is intensity depen-
dent,58 83 91 94 with increased accuracy during lower intensity 
exercise and at rest as compared with vigorous intensity exer-
cise, such as running.52 57 58 62 83 89 95 98 Conversely, the opposite 
has also been reported.32 91 For example, Stahl et al observed 
the highest accuracy (3.06%) during the highest speed tested 
(9.6 km/hour on the treadmill). One possible explanation is that 
with increased intensity perfusion is improved, which could 
decrease the error rate. Consequently, exercise intensities clearly 
have a profound effect on accuracy of HR readings and should 
be considered when designing validity protocols in laboratory, 
semifree- living and free- living conditions.

Processing of index and criterion data
Data processing and reporting is an integral part of validity 
testing and should be performed with caution. The following 

items provide recommendations that should be considered in 
terms of a best practice in the validation process.

Index and criterion synchronisation
Evaluating the validity of consumer wearables measuring HR 
requires the comparison of two or more time series, which require 
an equal sampling interval and accurate temporal alignment. The 
sampling interval of the criterion measure and the wearable devices 
is most likely not the same and this can be addressed by either 
interpolation or simple resampling (averaging) of one of the time 
series. All studies included in the systematic review used resam-
pling to ensure the equal sampling interval. However, out of the 
44 included studies only 14 studies12 34 36 37 50 56 58 62 81 83 90 91 99 100 
described the synchronisation process and in three studies12 56 91 
an automated method was performed, whereas in the remaining 
11 studies34 36 37 50 58 59 62 81 83 90 99 100 a manual timestamp correc-
tion or visual method was used (online supplemental table 6). 
The study by Sartor et al12 was the only one included both an 
automated and visual inspection. Manual correction using time 
stamps or visual inspection is an option, but the process is time- 
consuming and potentially error prone. Several methods are 
available for the automated synchronisation of two independent 
time series101 102 and we recommend this approach. The perfor-
mance of different methods currently available has not been 
investigated and new methods are continuously being developed. 
This makes it difficult to propose one single method for the 
optimal temporal alignment. We recommend that studies use a 
method that is publicly documented and has been benchmarked 
with reference to a data set that has been manually edited or 
generated synthetically.

Data smoothing
Different sources of error may affect the criterion assessment of 
the RR interval from recordings during both sedentary activities 
and strenuous exercise. Some errors are related to placement or 
handling of the device, which can be minimised by the correct 
application as proposed by the manufacturer. However, ectopic 
beats (ie, the heart either skips or adds an extra beat) and motion 
artefacts are errors that are inherent with both chest strap and 
electrode ECG devices and must be addressed to provide an 
accurate RR interval with the criterion measure. Only ten studies 
identified by our systematic literature review described a method 
to reduce spurious and incorrect HR data12 34 36 37 56 59 81 82 90 91 
(online supplemental table 6). Seven of these studies used an 
automated method (software), and three studies used a manual 
method but did not describe this in detail. In the HRV Task 
Force guideline, it is suggested that manual editing of the RR 
interval is required for the optimal identification and handling 
of ectopic beats and motion artefacts.73 74 Manual editing of 
long duration recordings is time consuming and requires expert 
training. However, since the proposal of the HRV guidelines 
(and the update in 2015) several new methods have been eval-
uated for the automatic identification and handling of ectopic 
beats and motion artefacts.74 103 104 Some of these new methods 
demonstrate good validity with the assessment of instanta-
neous HR from RR intervals and should be considered for the 
validity testing. As with the temporal alignment, currently there 
is no study available that compares the performance of all the 
different methods and, therefore, no single method is suggested 
for the optimal handling of ectopic beats and motion artefacts. 
We recommend that studies use a method that is publicly docu-
mented and has been benchmarked with reference to a data set 
that has been manually edited or generated synthetically.
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Statistical analysis
Since HR is a continuously scaled parameter, the analysis of 
accuracy should primarily be based on estimation of mean 
difference or mean relative difference and Bland- Altman limits 
of agreement (LoA) analysis.105 The calculated estimates of mean 
difference and the LoA for the mean difference should always be 
accompanied with 95% confidence intervals (CIs). The accept-
able accuracy expressed as mean difference (bpm) or percentage 
difference between the criterion measure and the index device 
may vary and needs to be evaluated individually considering the 
factors described above. The LoA for the absolute or relative 
difference are expected to contain 95% of paired differences for 
each measurement point by the two methods. However, the esti-
mated LoA only apply to the specific study sample and because of 
sampling error, a new study sample from the same target popu-
lation might provide different limits. Thus, if accuracy should be 
compared between different devices (ie, different models and/
or manufacturers), it is important to provide the CIs of the LoA 
and the mean differences. Furthermore, for steady- state activi-
ties (in lab and semifree- living conditions) we also recommend 
that the LoA analysis should be based on both individually aver-
aged mean differences of pairs of HR epochs across the activity 
duration, and in a repeated measure LoA analysis (multiple 
paired observations of HR epochs per individual). We acknowl-
edge that validity testing may be performed in order to provide 
accuracy levels to consumers but also in order to further improve 
readings of a given device. While not necessarily informative for 
consumers, in research- related validity testing also proportional 
or fixed bias may need to be considered. If there is evidence of 
proportional bias, this suggests that the index device does not 
agree equally with the criterion through the range of measure-
ments. In this situation, researchers could also use least- products 
regression as part of the Bland- Altman analysis, as reported by 
Ludbrook.106 In case of violations of these assumptions, evalu-
ators could attempt to log- transform index and criterion data 
or use a non- parametric approach, as described by Bland and 
Altman.107

A correlation coefficient could also be estimated (ie, Pearson’s 
r or concordance correlation coefficient) to provide an addi-
tional measure of the relationship between the index and crite-
rion measures, however, the limitations of these measures should 
be acknowledged as described previously105 and repeated obser-
vations per individual should be taken into account if applicable.

Because HR is obtained in a time series in the wearable 
consumer device and the criterion measure, the mean difference 
and the LOAs should be estimated while taking into account 
multiple observations per individual.107 We recommend that 
evaluators check and report on the assumptions for estimating 
mean difference and LoA. Accordingly, the paired differences 
in HR from the wearable consumer device and the criterion 
measure should have an approximately normal distribution, 
constant variance of the differences between the two, and no 
proportional bias.107

As an additional secondary measure of accuracy, we also 
recommend reporting the proportion of the evaluated epochs 
(eg, the exact RR time interval or the averaged HR over a 
segment of time) of the wearable consumer device that were 
within the predefined maximum allowed difference and a range 
of differences of greater and less than the predefined allowed 
difference.108 For example, the number of evaluated epochs 
within ±20 bpm, ±15 bpm, ±10 bpm, ±5 bpm and ±2 bpm. 
Finally, because some consumer devices may remove data points, 
for example due to motion artefacts, we recommend reporting 

the proportion of such missing epochs (total time duration of 
recorded but missing epochs) of the total epochs recorded. 
Descriptive data on the study sample, number of paired obser-
vations, mean and SD of the HR obtained from the consumer 
device and the criterion, the mean differences (with SD and 
standard error), and the mean absolute error and mean absolute 
percentage error should also be reported.

The within- device precision (ie, reliability) should also be 
reported based on the data obtained for steady- state activities 
with a minimum duration of 2 min. To limit the possibility of 
true biological variation in HR within participants, the within- 
device precision should be evaluated using the average HR over 
five seconds separately in each steady- state activity (during rest 
and exercise) of at least 2 min duration. Furthermore, we suggest 
that 95% prediction intervals and intraclass correlations with 
95 % CIs should be calculated to estimate within- device preci-
sion according to recommendations.108

For a detailed comparison of the statistical analysis in criterion 
and index devices used in the studies reviewed, please refer to 
online supplemental table 5).

RECOMMENDED VALIDATION PROTOCOL
Studies aiming to determine the validity of a consumer wearable 
should be designed to evaluate the device against an accurate 
criterion measure in a relevant study sample and in conditions 
that reflect the expected use of the device. Furthermore, the 
evaluation should be sufficiently described, and the data should 
be appropriately processed, analysed and reported. Considering 
the domains presented above, it appears that validation proto-
cols should be carefully designed in order to account at least 
for the most robust sources of bias. Based on the current state 
of knowledge, figure 1 provides a graphical matrix of factors 
that need to be considered when validating PPG- based devices 
against a gold standard criterion measure. Detailed recommen-
dations and guidelines are provided in online supplemental table 
1. In addition, in table 1, we provide a checklist that is intended 
for planning of the validity protocols. Furthermore, in table 2, a 
more comprehensive protocol reporting sheet can be found and 
is intended to be used by both research institutions and manu-
facturers in order to facilitate standardised and transparent data 
sharing

DISCUSSION AND FUTURE DIRECTIONS
This expert statement of the INTERLIVE Network aimed to 
provide recommendations and guidelines for the validity testing 
of consumer wearables assessing HR by PPG. In this context, 
considerations for the test preparation, sampling of participants, 
testing protocols, and activities as well as data handling, anal-
ysis and reporting were critically discussed. Based on a system-
atic literature review as well as our evidence- informed expert 
opinion, we have suggested a framework for validity testing of 
PPG- based devices measuring HR.

A rigorous evaluation of validity should be the mutual 
interest of manufacturers, shareholders, scientific institutions 
and consumers in order to judge whether a wearable device for 
assessment of HR is useful and performs with satisfactory accu-
racy. At present, the decision on whether a validation of a PPG- 
based wearable complies with medical certifications lies with 
the manufacturer, inevitably leading to a large heterogeneity in 
validation protocols. However, new regulations have been put 
in force on 25 May 2020, requiring all wearables (including 
devices assessing HR based on PPG) after a transition period of 
3 years to follow regulations for medical devices, such as the US 
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Food and Drug Administration or the CE Marking in Europe.109 
Importantly these regulations are to be adhered to even if the 
devices are not intended to be used for medical evaluation, risk 
stratification or patient treatment. Consequently, the present 
expert statement should be understood as an attempt to foster 
standards in validations of PPG- based consumer wearables.

The urgent need for standardised validity testing is underlined 
by the wealth of different protocols identified by our systematic 
literature review. Interestingly, even though a variety of potential 
sources of bias were acknowledged in most of these studies, only 
few have attempted to account for methodological shortcom-
ings in the data analysis. Based on the existing literature, solid 
evidence exists for artefacts originating from sex, BMI, body 
height as well factors related to the placement of the device, 
such as motion artefacts (originating both from the movement 
itself but also from possible shifts of the device on the skin) and 
skin tone. Conversely, currently little is known on the effects 
of cardiovascular diseases and their medical treatment (eg, beta 
blockers, ACE inhibitors, calcium channel blockers or diuretics), 
as well as skin damage (eg, scars and tattoos), ambient light and 
temperature or contact pressure on the measurement of HR by 
PPG. It is likely that these factors may have profound effects on 
the validity testing51 but accounting for this remains challenging. 
Future studies should focus on the potential sources of bias that 
stem from both technological as well as population- based char-
acteristics, in order further refine validation protocols.

When considering the proposed recommendations and guide-
lines, one has to bear in mind that our approach included an 
initial systematic literature review in order to assess which proto-
cols have previously been used in the scientific literature for 
validity assessments of PPG- based HR monitors. Thus, we aimed 
at summarising all studies that have validated numerous index 
devices against a gold- standard criterion measure and extracted 
the specifics of these protocols. Consequently, assessing the 
study quality by means of a risk of bias assessment was not 
deemed useful as this analysis could only be used to evaluate 
the quality in respect to the particular outcome of each study 
(ie, the level of agreement of a certain device compared with a 
criterion) but it does not provide information on the quality of 
the validation protocols. Therefore, the potential sources of bias 
that were indirectly addressed in these studies were aligned with 
our evidence- informed expert opinions and provided the base 
for the presented framework.

It is obvious that a best- practice protocol for standardised 
validations will need to consider interests of both the scien-
tific community and/or customers as well as that of the 
manufacturers. In that regard, the required investments 
that has to be made in hardware and software engineering 
might not be substantial as this is already in place with most 
manufacturers, but the validity assessment might require 
employment of additional educated staff and resources for 
the actual evaluations. Moreover, the resources required to 
conduct the validity evaluation seem to increase proportion-
ally with the extent of the optimal evaluation. Considering 
the number of different devices commonly available with 
many manufacturers, it clearly suggests that feasibility and 
simplicity is important for proposing a validity evaluation 
that will be adopted by manufacturers. Consequently, we 
believe that the present expert statement provides a reason-
able base for validity testing by incorporating high scientific 
standards.

Considering the wealth of new wearables entering the 
consumer market without prior proof of validity, providing 
consumers with wearables demonstrating excellent validity 

seems to be a great opportunity for new companies to 
conquer a substantial market share. Furthermore, accurate 
devices will also increase the usability of PPG for diagnos-
tics and therapeutic monitoring. Considering the world-
wide increasing prevalence of cardiovascular diseases,110–112 
accuracy will likely become a key criteria for PPG- based 
wearables. Indeed, prototypes of wrist- worn devices exist 
that can sense radial artery pulsation and use the data to 
estimate central aortic pressure.113 It is likely that wearable 
devices will soon be capable of extrapolating blood pres-
sure114 or even blood glucose concentrations through optical 
sensors,115 thus, underlining the importance of rigorousness 
and transparency in evaluating criterion validity. As such, we 
hope that the provided recommendations and checklists will 
be deemed useful by both researchers and manufacturers in 
order to further foster standardised validity testing.

CONCLUSIONS
This expert statement provides an evidence- informed best- 
practice protocol for the validation of consumer wearables 
assessing HR by PPG. Our initial systematic literature review 
underlined a high degree of heterogeneity between previously 
published methods, with many studies failing to address key 
sources of bias. Thus, the INTERLIVE Consortium recom-
mends that the proposed validation protocol could be used 
when considering the validation of any PPG- based consumer 
wearable assessing HR, in order to overcome the methodolog-
ical shortcomings highlighted in this statement. Adherence to 
this validation standard will help ensure a transparent meth-
odological and reporting consistency and facilitate comparison 
between consumer devices. This will ensure that manufacturers, 
consumers, healthcare providers and researchers can use this 
technology safely and to its full potential.
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