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Wearable cameras offer an innovative way to discover new insights into the lived experience of people with cardiovascular conditions. Wearable
cameras can be used alone or supplement more traditional research methods, such as interviews and participant observations. This paper pro-
vides an overview of the benefits of using wearable cameras for data collection and outlines some key considerations for researchers and clinicians
interested in this method. We provide a case study describing a study design using wearable cameras and how the data were used.
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The problem: understanding the
lived experience of people with
cardiovascular conditions
Health researchers and clinicians seek to understand the lived experi-
ence of people with cardiovascular conditions, including factors that
influence health behaviours. Knowledge of lived experiences may be
used to develop theories, inform the design of new interventions, or
provide an evaluation of an intervention. In the European Journal of
Cardiovascular Nursing, examples of studies that sought to further
our understanding of this topic have used a range of methodologies,
including brief assessment scales,1 qualitative interviews,2 and obser-
vational studies.3 These traditional methods rely on participants to
remember and accurately portray their past experiences, which

can be subject to participant and researcher biases that may affect
research findings.4

Questionnaires, such as the European Heart Failure Self-Care
Behaviour Scale and the Self-Care of Heart Failure Index,5,6 can provide
a snapshot of a person’s health status or behaviours. They can also
be scaled to obtain data on large numbers of participants. However,
the output of this type of research usually lacks contextual information,
and may not illustrate the complexities of human behaviour. While
qualitative interviews provide rich, in-depth information, the quality of
these data relies upon the interviewer’s skills and candidness of the
interviewee, and may be subject to recall bias. Ethnographic methods,
such as participant observation, do not rely on participants’ ability or
willingness to communicate their experiences. However, ethnographic
observations are time-consuming, and resource-intensive for the re-
searcher and may be disruptive to the regular routines of the

Learning objectives
• Describe limitations of traditional research methods in understanding lived experience of people with cardiovascular conditions

• Explore potential applications of wearable cameras along with practical considerations for their use

• Describe a case study where wearable camera images have been used in research settings and a potential clinical application
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participants, again leading to findings that may be different from their
everyday experiences.

As health systems focus more on personalized care and provide
individuals with tailored interventions and support, our research
methods should follow suit. Technologies such as wearable cameras
allow us to supplement existing research methods to provide insight
into the wearer’s unique experiences, overcoming some of the lim-
itations of traditional methods. This article aims to provide research-
ers and clinicians with an understanding of the application of
wearable cameras in cardiovascular research.

A solution: wearable cameras to
provide rich contextual data
and prompt memory
Wearable cameras are a technology that can capture the experiences
and environments of the wearer digitally.7 This technology emerged
from the research domain called lifelogging, in which individuals seek
to capture life activities using wearable and informational sensors.8

Wearable cameras are small and lightweight, usually worn around the
neck or clipped onto clothing. Suchwearable cameras capture images or
video automatically (without user input) at various time intervals (e.g.
every 30 s), and many can also be triggered to capture an image by a
button press (as with a conventional camera). Some wearable cameras
are equipped with sensors such as microphones and accelerometers to
capture additional data. People often forget they are wearing a camera.
These features of wearable camerasmean they do not change the user’s
daily activities,9 offering a strong rationale for their use in understanding
part of the lived experience of people with chronic health conditions.

A scoping review conducted by our team found that wearable cam-
era data have been used to supplement traditional data collection meth-
ods with the aim of capturing a range of health-related behaviours and
risk factors for chronic conditions.10 Central illustration provides exam-
ples of howwearable camerasmight augment or replace other research
methods, including photo-elicitation.11 To date, no study has reported
any serious adverse events, including those related to participant or by-
stander privacy.12 However, in line with existing research that has devel-
oped an ethical framework and guidelines for using wearable cameras in
research,12,13 we recommend that precautions to promote autonomy
and reduce risks are considered when designing and conducting a study.
Implicit in our recommendations for hardware and software are the key
considerations from these frameworks.

Currently, there are no formal guidelines for the analysis of wearable
camera images, but principles may be taken from qualitative research
methods, including visual ethnography,14 photo-elicitation,11 and autop-
hotography.15 Furthermore, sophisticated technologies, such as com-
puter vision tasks that (semi)-automatically recognize and classify
images, allow researchers to analyse large data sets in a fraction of
the time it would take to sort and review images manually (see case
study example).

Hardware and software
There is a range of wearable cameras, including some that are/were
commercially available such as Microsoft’s Sensecam and GoPro’s

action cameras. Consistent with existing frameworks on the ethical
and safe use of wearable cameras,12,13 researchers may wish to con-
sider the following factors when choosing a wearable camera for
their research:

• Cost—What is the research budget for equipment and data ana-
lysis? Cameras range in price from tens to hundreds of dollars
each. Automated analysis is likely to be significantly less costly
than manual analysis. As of 2022, the typical cost of automatically
‘coding’ an image using state of the art programming is approxi-
mately 0.1–0.2 cents per image.While it is difficult to provide a dir-
ect cost comparison of manual annotation, typically, it would take
a person 10–60 s to review one image which is more time-
consuming and thus costly than automated analysis.

• Quality of images—How detailed do images need to be to meet
the needs of the study? Will the camera capture images with suf-
ficient detail to facilitate later analysis? Image size, camera lens an-
gle, and low-light performance are important considerations.

• Data capture—How frequently can images be captured and how
(e.g. every 30 s)? Naturally, there is a trade-off between battery life
and frequency of capture. Many modern wearable cameras (e.g.
the Narrative clip) capture images in an encrypted manner, which
cannot be accessed without the correct software. Usually, images
from these cameras are downloaded via a USB connection to a
computer. This can be initiated by either the participant or the re-
searcher. Other cameras use software to automatically transfer
the images to a computer and then remove images from the cam-
era. After download, images can be stored on a local computer,
network server, or secure cloud computing infrastructure, de-
pending on requirements.

• Size and weight of camera—Will the participant be concerned
about the camera’s weight or impacted by discomfort when wear-
ing it? Most cameras are lightweight, but even these can drag down
clothing if attached via a clip.

• Ease of use of the camera—Will participants be able to recharge
and use the camera in daily life? Most cameras need to be con-
nected to a computer to upload content and recharge.

• Privacy functions—Will the participant be easily able to turn the
camera on/off in different situations (e.g. in crowded places, in
the bank, at work, while carrying out personal hygiene activities),
or will some content need to be deleted post-capture?
Off-the-shelf software tools can locate and redact all faces present
in images, as well as other content such as readable text.
Deep-learning artificial intelligence techniques will allow for the
further removal of any objects deemed private to the participant.

• Battery life—How long will the cameras need to be worn, when
will participants need to charge the device (e.g. overnight) and
how regularly? The device must work for typical awake hours,
but not all devices will operate for long durations without
charging.

• Data storage—Where will data be stored, how much disk space
will be needed, and in what format? We typically see
500 MB-1 GB per day being captured as image sequences. If
stored on a cloud-hosting service, this can be expensive as the
data quantity grows. Whether the data are stored locally or in
the cloud, the data should be encrypted to ensure security and
privacy preservation.
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• Processing—How will data be processed? Wearable cameras can
capture a sequence of images but will not inspect them to extract
valuable metadata, such as human activity data. Third-party solu-
tions are currently needed for this task.

Case study: The ‘Seeing is
Believing’ study
The ‘Seeing is Believing’ study was a prospective observational pilot
study that aimed to test the feasibility and utility of wearable cameras
to identify self-management practices for people living with heart fail-
ure.16 Additionally, wewanted to determine if these images could en-
hance self-management. Outpatients diagnosed with heart failure
[New York Heart Association (NYHA), functional Class II or III],
over 18 years, able to read and understand English, treatedwithmedi-
cation, and provided written informed consent were included. The
study ran from June 2016 to May 2017 and recruited 30 participants.
The Narrative Clip camera was worn around the neck during waking
hours for 30 days and charged overnight. Figure 1 shows an image of

Central illustration Application of wearable cameras to augment traditional research methods.

Figure 1 An image of a narrative clip camera.
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this camera. The camera automatically took an image in the forward-
facing direction every 30 s. Participants were instructed to carry out
normal activities during the study period; no advice tomodify lifestyle
behaviour was given. Participants were visited by a researcher twice a
week; during this visit, images were manually downloaded, and parti-
cipants were allowed to review and delete images they did not want
to share. The images were saved on a secure server. Physiological
parameters (e.g. blood pressure, heart rate) were also measured
twice weekly, and participants completed a semi-structured accept-
ability and feasibility questionnaire at study conclusion.

A total of 629 603 images were available for analysis. All partici-
pants agreed that the camera was easy to use. Most participants
felt comfortable wearing the camera (93%) and thought this tech-
nique could be used to help develop interventions to support people
with heart failure in the future (93%).16 This study provided a rich,
contextual data set, and our group has used this in several ways.

Example 1: informing the
development of an intervention
Co-design is a methodology that allows people to contribute their
lived experience to design patient-centred interventions.17 We are
using co-design to develop an intervention to support self-care
among people with heart failure. Images from the wearable camera
study were used to inform an interview guide that aimed to empa-
thize with people with heart failure. We used maximum variation
purposive sampling, a sampling method that aims to provide a diverse
range of cases (images) relevant to a topic,18 to select images for cod-
ing.We reviewed images from each participant and selected relevant,
unique images that were visually clear. These selected images were
then annotated using the categories: environment, objects, activities,
and people. The image descriptions were used to challenge assump-
tions about self-care among people with heart failure, and an inter-
view guide was developed to explore different aspects of self-care
in more detail, further testing these assumptions. Figure 2 provides
a worked example of this process. Additionally, personas were de-
veloped to represent people with heart failure using data from the
interviews and existing literature. Personas are representations of
a population group. Images from the ‘Seeing is Believing’ study
were used to supplement the personas, providing the research
team and developers with a deeper insight into the people they
were designing the intervention with.

Example 2: using automated
techniques to categorize the
images
The value of wearable cameras lies in the automated and passive cap-
ture of large volumes of data about the life activities of the partici-
pant. However, manual analysis of hundreds or thousands of
images per day, per participant can take a significant amount of
time—as we learned with our ‘Seeing is Believing’ study.
Consequently, we have explored different options for automatic
and semi-automatic annotation of the images.

Recent advances in computer vision deep-learning tools can now ac-
tively learn to automatically annotate, categorize and even describe any
visual image as text. Given sufficient training data (annotations from hu-
mans), such deep-learning algorithms can be applied to wearable cam-
era images to better understand patterns of self-management
behaviour. Deep-learning algorithms, such as convolutional neural net-
works (CNNs),19 are widely used in computer vision tasks, such as
medical image analysis, and have been shown to achieve better results
than human experts’ average performance. They have been used to de-
tect diabetic retinopathy,20 skin lesions,21 colon cancer,22 and anomalies
of the heart23 and breast.24 The CNNs can be trained on any form of
image data, so they can also be trained on wearable camera images to
determine patterns of self-management behaviour in people with heart
failure and to predict hospital admissions. Hence, it is proposed that
wearable cameras with CNNs for behaviour identification hold the po-
tential to understand patterns of self-management at a low cost and
scale.

Example 3: future application—a
nurse-led intervention
Wearable cameras also offer potential for augmenting care of people
with cardiovascular conditions, such as heart failure. This condition
has a variable clinical course and frequent exacerbations of symp-
toms; hence, appropriate self-care is critical to maximize treatment
benefits.25 To maximize the impact of nurse-led support for heart
failure, nurses must understand each individual’s challenges.
Improved automated analysis, with increased choice in how large
amounts of images are categorized, sorted, and displayed, allows
flexibility for images to be used in clinical practice. With this type

Figure 2 A worked example of using an image from a wearable
camera to develop an interview guide.
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of analysis, a targeted image review of a particular self-management
category (e.g. daily routines, medication management, diet and fluid
intake, physical activity, and social support) or a particular time of
day (e.g. breakfast) can now be easily identified.

For example, a newly diagnosed heart failure patient could wear a
camera at home in the initial weeks following discharge from hospital.
Images could then be reviewed by the nurse, patient, and family
members, to understand the person’s lived experience and tailor
feedback and (self)-management plans. Additionally, a person experi-
encing an exacerbation of heart failure could use wearable camera
images to inform an updated self-management plan or reveal self-
management behaviours that may be exacerbating their condition.
There are many other chronic conditions that wearable camera
images could assist, such as chronic respiratory conditions and
diabetes.

Reporting
The research and clinical community have raised questions regarding
the use of wearable cameras; thus, studies using this method must be
clearly reported. Informed by our experience in using wearable cam-
eras, ethical guidelines, and qualitative research guidelines, we suggest
consideration of the following when reporting studies using wearable
cameras:

• Title/abstract: identify the use of wearable cameras in the
study

• Rationale: a clear justification for using wearable cameras in add-
ition to, or instead of other data collection methods

• Researcher characteristics: information on researcher characteris-
tics (e.g. experience) that could influence the research (e.g. when
undertaking a manual analysis)

• Sampling strategy: information about the sampling of participants
and images (e.g. images selected from specific dates/events or se-
lected at random) and a justification of these choices

• Ethical issues: information on adherence to ethical guidelines, in-
cluding detail and reasons for adaptations, or disregard of
guidelines

• Data collection methods: description of procedures, including in-
structions and training provided to participants and dates of data
collection

• Data collection tools: details about the camera (e.g. brand/model,
frequency of image capture, privacy functions, the intended loca-
tion of wear)

• Data management: information on data storage and data process-
ing (e.g. deletion of images by participant or researcher, anonymi-
zation of images, software to support analysis, and reporting)

• Data analysis

• Manual: information about coding, frameworks or theories, and
software/tools used (e.g. NVivo)

• Automated: software used for coding and settings, data analysis
approaches (e.g. deep-learning algorithms, validation metrics)

• Results: detail on participants, number of images collected and
included in the study, and participation (including reasons for
dropout). Consider presenting a sample of images or worked
examples

• Discussion: as well as themain findings, provide information on the
strengths and limitations of wearable cameras to meet the study
aim

Strengths and limitations of
wearable cameras
In this study, we have explored the usefulness of wearable cameras as
a research method. Wearable cameras can facilitate a rich and com-
plementary understanding of the lived experience of cardiovascular
conditions without influencing behaviour, as may be the case in in-
person observation or reporting bias that exists in questionnaires
and interviews. They can also provide insights that may challenge ex-
isting judgements, opening researchers, clinicians, and broader stake-
holders to new patterns and possibilities, informing future practice.
Additionally, depending on the available resources and methods
used for data analysis, they are scalable, potentially providing infor-
mation about a wide range of people and experiences. However,
as highlighted in this study, wearable cameras are not without limita-
tions. Firstly, wearable cameras produce a vast quantity of data, so
careful consideration of data collection time frames (e.g. days, weeks,
and months) and how to approach analysis (manual or automated) is
required, especially concerning cost. Some automated analysis tools
are not yet precise enough to detect some activities. To meet this
level of precision, large data sets are required to train machine learn-
ing models. Short-lived activities (e.g. taking medication) can be
missed as they occur ‘between’ image capture. As a result, wearable
cameras alonemay not be sufficient to meet the research aims. In this
case, other tools can supplement data from wearable cameras (e.g.
sensors, interviews, and diaries). The security of data from wearable
cameras is also concern; images often contain personal data, so care
must be taken to ensure that data are stored securely (e.g. by en-
crypting the data) regardless of where they are stored. Finally, there
are concerns around privacy for the participant and bystanders, but
software can be used to redact image content such as faces or text.
Understanding the strengths and limitations of wearable cameras will
help researchers navigate the design of studies using this innovative
method.

Conclusion
Insights on the lived experience of cardiovascular conditions are im-
portant to researchers and clinicians. Traditional research methods
have limitations that may be overcome by using wearable cameras.
As wearable camera technology improves and the accuracy of
trained models (e.g. CNNs) is enhanced, wearable cameras will likely
become an important tool for health researchers. We recommend
that researchers and clinicians consider using wearable cameras to
evolve the evidence based on people’s lived experience with cardio-
vascular conditions. Furthermore, wearable cameras may be applied
to clinical interventions that seek to provide personalized advice and
care to people living with or at risk of cardiovascular conditions.
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